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Abstract

Since Static Random Access Memory (SRAM) continues to be thelargest component in

many embedded digital systems or System-on-Chips (SoCs), its power consumption dom-

inates the overall power of the system. To reduce power, a lowvoltage SRAM is highly

demanded. SRAM minimum operational voltage (Vmin) is determined by the lowest ac-

cpetable functional yield in the presence of variation. In this thesis, we propose new design

methods to combat both local and global variation and achieve maximum power savings

while maintaining acceptable yield.

Local variation causes a distribution of Vmin for cells on the same array. The tail value

of the distribution determines the minimum VDD for the whole array. For large SRAMs,

this tail event occurs once out of millions of samples. For such rare events, standard Monte

Carlo method becomes intolerable expensive. Recently, some fast Monte Carlo and non-

Monte Carlo methods have been proposed recently for rare event estimation and applied

successfully to SRAM circuits. However, they require either complicated computations or
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special care of sampling. In this thesis, we propose a fast and accurate method dedicated

for SRAM Vmin and yield estimation. It requires only a small scale of Monte Carlo sim-

ulations on static noise margin and then applies dedicated statistical models for Vmin and

yield. This method is generic for estimating Vmin due to hold, read, and write failures.

The model offers> 104 speed-up and<1% error relative to standard Monte Carlo. It

also matches well with other fast Monte Carlo methods for tails up to 8σ, but shows less

complexity and smaller estimation variance.

SRAM Vmin also shifts with global variation. The conventional worst case approach

limits power savings for normal conditions. Instead, adaptive method can track and com-

pensate global variation and thus allow maximum power savings. Thus we propose an

adaptive standby voltage scaling system based on a tunable canary replica cell. We present

circuits for robustly building the control logic that implements the feedback mechanism

at subthreshold supply voltages. Data reliability is ensured by a critical failure threshold,

which can be programmed for trading off leakage power savings with yield. We also pro-

pose several techniques to enhance the adaptiveness and automation of the canary system.

Silicon results from both 90nm and 45nm test chips demonstrate the function of the canary

system. To realistically quantify the potential savings achievable by the canary scheme, we

assess the impact of various sources of overhead. Finally, we investigate the performance

of the canary based scheme in nanometer technologies, and weshow that it promises to

provide substantial standby power savings down to the 22nm node.
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Chapter 1

Introduction

1.1 Background and Motivation

1.1.1 Motivation of Low Voltage SRAM

Static random accessed memory (SRAM) has been and continuesto be the largest com-

ponent in a chip. It is expected to occupy over 90% of the area of system-on-chip (SoC) by

2013 [47]. As a result, its power consumption becomes a big concern. Various applications

demand SRAMs to operate at a lower voltage for power reduction.

SRAM is commonly used in high performance applications, such as high speed pro-

cessors. For high performance applications, leakage powerbecomes a big concern because

leakage current grows dramatically as technology scales. SRAM leakage power often dom-

inates the total leakage power of the chip due to its large area. Therefore, it is highly de-

manded to reduce SRAM standby power. Leakage current consists of subthreshold leakage

current, gate leakage current, drain induced leakage current and junction current. Several

1
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techniques have been proposed to reduce SRAM leakage current. Dual-VT [73] and body

biasing [34] utilized VT control to reduce subthreshold leakage current. Source biasing

[1, 76] and voltage scaling [37] approaches collapse the actual rail-to-rail voltage of SRAM

cells so that both the subthreshold and gate leakage currentcan be reduced. Because of the

advantage of gate leakage reduction, voltage scaling and source biasing become more ef-

fective for leakage power reduction in deeply scaled technologies. Therefore, an SRAM

with a lowered standby voltage is desired.

In recent years, the demand of the low-power SoCs for portable electronics grows

rapidly. To extend the battery life of the portable devices,dynamic voltage and frequency

scaling (DVFS) is widely used to reduce active power and energy by adapting voltage and

frequency of the system when the workload decreases. To implement a DVFS system,

an SRAM with a wide-range of lower operational voltage is an indispensable component.

Great efforts have been made to push down SRAM operational voltage within SoC system

to improve power savings (e.g. [3, 50, 67]). For ultra-low power and energy constrained

applications like implantable medical devices and wireless sensor networks, the operational

voltage for minimum energy often occurs near or below threshold voltage (VT). This re-

quires an SRAM also operate at such low voltage ([8, 11, 36, 61, 75]).

Besides power reduction, another benefit from lower operational voltage is the suppres-

sion of some aging related reliability issues, such as negative bias temperature instability

(NBTI) and hot carrier injection (cite a paper). They have weaker effects on SRAM under

lower supply voltage.
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1.1.2 Challenges of Low Voltage SRAM

Although lowered supply voltage can effectively reduce power consumption and miti-

gate some aging reliability issue, it degrades SRAM functionality and thus functional yield,

especially in the presence of variations.

SRAM Functional Yield

There are four failure mechanisms related to SRAM functional yield: hold failure, read

failure, write failure, and access failure. Hold failure occurs when the cell does not have

adequate noise margin to preserve data in the occurrence of soft error noise sources like

radiations and alpha particles. Read failure is caused by the disturbance on the node holding

‘0’ upon read and results in the flipping of data after read. Write failure is mainly caused by

the incapability of pulling down the node initially holding‘1’ and thus the cell data is unable

to toggle within the required write time. These three categories of failures are mainly

determined by SRAM cell stability. The access failure occurs when an insufficient voltage

difference on bitlines is developed for read sensing withinthe required timing period. It

is impacted not only by the ratio of cell on current versus BL leakage current but also by

the performance of the sensing circuit (e.g. offset of the sense amplifier). When SRAM

operates actively, yield is determined by all of the failuretypes. On the other hand, when

SRAM operates inactively (i.e. at standby mode), the hold failure determines the yield.

Typically SRAM is designed to have sufficient hold, read, andwrite noise margins as

well as access speed under the nominal supply voltage. However, lowered operational volt-

age degrades each of the functionalities and results in a lower yield and reliability. There-

fore, there exists a trade-off between power and yield with regard to operational voltage. A
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critical figure of metric direct related to this trade-off isthe minimum operational voltage

(Vmin) for maintaining a lowest acceptable yield and determining the maximum achievable

power reduction. Vmin becomes one of the biggest concerns for SRAM design. Using an

under-estimated Vmin causes intolerable failures and decrease SRAM yield. On the other

hand, using an over-estimated Vmin wastes power and energy.Vmin is dependent on the

sensitivity of each functional failure to operational voltage. In old technologies, like other

circuit metrics, Vmin is a deterministic value. However, technology scaling beyond 90nm

has posed increased parameter variations, which change allthe circuit problems including

Vmin from deterministic to stochastic.

Variation

For more than three decades, technology scaling has been contributing to the significant

improvement of density and performance for IC designs. However, continuous technology

scaling in sub-100nm region is posing serious challenges tocircuit designs. One of the

biggest challenges is increased variation.

Based on the scale of variation, all the variations can be categorized into two groups:

(1) global variation and (2)local variation. Global variations occur on the die-to-die scale

and influence all the transistors on the same die. They mainlyinclude the inter-die man-

ufacture relatedprocessvariations and environmental conditions includingvoltagesupply

fluctuation andtemperaturechange, i.e. PVT variations [7]. On the contrary, local varia-

tions occur within die. They have different effects on individual transistors and thus cause

mismatch between adjacent ones. Local variations also include process, voltage, and tem-

perature variations within chip. Local voltage and temperature variations are mainly caused

bhc2b
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by uneven power dissipation across the die due to variationsin switching activity. Local

process variations can be further classified assystematicandrandomvariation based on the

nature of variation. Systematic variation such as layout dependent variation is predictable

and can be modeled as a function of deterministic factors such as layout structure and the

surrounding topological environment [70]. Since typically, the layout of SRAM cell is

carefully designed and the layout pattern within the whole SRAM array is quite regular,

we assume layout dependent systematic variation is very small. On the contrary, random

variation is unpredictable and must be modeled as stochastic events. Random Dopant Fluc-

tuation (RDF) and line edge roughness are the major sources of VT random variation, and

RDF becomes the dominant one as device dimension continues shrinking.

SRAM is extremely suspectible to local variations because of three reasons. First,

SRAM cell commonly uses transistors with the smaller geometry for higher density. RDF

induced VT random variation is normally distributed with the standarddeviation (σ) in-

versely proportional to the channel area [2]. As a result, SRAM cell transistors have random

VT variation with a larger value ofσ. Second, SRAM contains a huge number of identical

cells. Modern SRAMs often contain millions of cells. With continuous shrinking of device

dimensions and growing demand of larger capacity of embedded memory on chip, billions

or trillions of SRAM cells can be integrated into one chip. With such a big number of sam-

ples, large variations beyond 5σ/6σ are likely to happen. Third, many SRAM metrics are

very sensitive to mismatch because SRAM cell commonly uses two symmetrical inverters

cross-coupled connected. A small mismatch between adjacent transistors within the two

inverters can lead to a large variation in the cell’s behavior, such as cell stability.

The impacts of variation on SRAM Vmin are twofold. First, random variation spreads
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the Vmin of cells on the same SRAM array under the same operating condition. The

minimum voltage for the whole SRAM is determined by the worstvalue at the tail of

the distribution. Because of the nature of randomness, the tail value in one die might be

different with that in another die. Second, global variation primarily shifts the mean of the

distribution and adds more uncertainty of SRAM Vmin.

1.1.3 Existing Solutions

As the limitation of CMOS technology, new technologies for silicon devices such as

multiple gate and new devices beyond silicon such as carbon nanotube and organic molec-

ular transistors are emerging (cite some). However, these new technoglies and devices

will not be mature in the near future. CMOS technology will continue scaling and thus

solutions to overcome limitations from scaling are extremely important for SRAM design

beyond 45nm.

Functional Yield Improvement

Because of the combination of density, performance, and compatibility with CMOS

logic process, conventional 6T SRAM continues to play a dominant role in deeply scaled

technologies. However, it is encountering greater difficulties to maintain sufficient func-

tional margins in lower operating voltage as variation increases in advanced technologies.

In recent years, various read and write assist methods have been proposed to improve the

functionality of 6T SRAM cell and push down its Vmin for more power reduction. The

key of all the assist methods is to alter the strength of the latch inverters and/or the ampli-

tude/duration of the noise source to favor read or write operation [54]. They either change
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the voltage of different terminals on the cell(e.g. [3, 31, 44, 49, 56, 71, 77]) or change the

width of the pulse on the terminal (e.g. [33, 50]).

Instead of remedying the conventional 6T cell, an alternative attempt is to use novel

SRAM cells. Adding a read buffer in the cell can eliminate thelimit of read stability. This

kind of cells include 8T cell [12, 13] and different versionsof 10T cell [8, 11, 36]. [38] also

proposes a 10T cell with new storage latch based on Schmitt Trigger inverter. These novel

cells have been reported to function at a lower voltage than 6T cell at the same condition.

Such a variety of circuit options makes it possible to implement low voltage SRAM in

spite of large variations. Meanwhile, the complexity for searching the optimum solution

grows. To pick the most effective method for a given technology and application, we

need evaluate all the possible methods. For each method, we have to try different values

of the tuning variables and evaluate the yield improvement for each. The whole analysis

process can be intolerable slow if the individual run takes along time. Thus a fast and

accurate method for yield estimation is highly desired. With a fast design method, we can

quickly eliminate less effective circuit options in the early design phase, and then perform

more thorough and accurate analysis on a smaller number of candidates and finally find the

optimum one.

Statistical Design

The traditional circuit design method uses the worst case based analysis. Designers

simulate circuit with a worst-case corner for PVT variationand aging This ensures the cir-

cuit function correctly under the worst operating condition. However, this deterministic

design method results in over-design for normal conditions. In the terms of Vmin, this
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can cause a significant waste of power and energy. Because of the stochastic nature of

random variations, statistical design method should be used instead [26]. However, since

SRAM often contains millions of cells, an acceptable yield requires an extreme small fail-

ure probability, which is in the order of magnitude of 1 part-per-million. For such a rare

event, Monte Carlo, the standard statistical simulation method, becomes prohibitively slow.

To speed up the estimation of the rare events, a variety of methods arise and fall into two

major categories: non-Monte-Carlo (non-MC) methods and improved Monte-Carlo (MC)

methods.

Non-MC methods include comprehensive analytical models for SRAM metric and

generic mathematic methods like the boundary searching approach [24]. However, they

are often intractable when the circuit contains a large number of random variables. For

such a circuit, MC simulation is more straightforward. Thusmethods to improve MC be-

comes attractive. One way to reduce MC run time is to hasten the generation of the rare

events. Interesting techniques include Importance Sampling (IS) [30] and the Statistical

Blockade (SB) tool [57]. However, the efficiency of IS and theSB tool relies on the good-

ness of the sampling distribution and the tail filter respectively. Thereby other fast methods

with comparable accuracy but simple procedure can be appealing.

Adaptive Design

To tolerant variation, the traditional solution is to add guard-band margin for worst

case variations and aging conditions. Although it is very robust, substantial power and

energy are wasted. A better solution to deal with variation uncertainty is the adaptive

design, which dynamically adjusts circuit operation to runtime workload, environmental
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and process variations. It usually consists of two phases: (1) PVT variation detection and

(2) compensation/correction. Various adaptive methods with different detection methods

and/or compensation methods have been proposed for SRAM.

The first group of adaptive methods uses on-chip process skewsensors and thermal

sensors to detect PT variations and then adjust assist knobs(body bias, VDD, VSS, VWL

etc) to compensate the impact of variation. For instance, authors in [46, 71] use on-chip

SRAM leakage monitor to detect global VT variation, and then adjust body bias to com-

pensate VT variation for SRAM yield improvement. The similar method isalso used for

microprocessor performance and leakage trade-off [60]. Ring-oscillator delay monitor is

also proposed to detect VT variation [45]. [31] proposes to use the thermal/process sensor

to track PT variation and aging and then tune the assist knob VWL for yield improvement

and Vmin reduction. However, this kind of methods requires aconversion from the amount

of the measured variation to the amount of the required assist bias value. This makes the

adaptiveness less effective.

Another way to adapt process variation is to perform post-silicon calibration during

initial test. [74] directly measures SRAM performance, leakage and stability, and tune

assist knobs to meet the target value. The required adjust values are saved on chip and

loaded upon operation. Although this method can effectively compensate die-to-die and

within-die process variation, it is passive and still needsmargins for worst environmental

and aging condition.

A more effective approach that can potentially eliminate all the margins for PVT vari-

ations is in-situ error detection. [6] proposes a new register that can detect timing and

soft errors in-situ and then adjust frequency or supply voltage to reduce failures. Although
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this kind of in-situ error detection is very attractive, it is impractical to use for SRAM cell

because of its large area overhead and SRAM cell’s stringentdensity requirement.

Another effective adaptive approach is canary circuit, which emulates the critical part

of the actual design. Canary circuit that can mimic criticalpath delay in microprocessor

has been reported to effectively track PVT variations and aging effects in [17]. [9] first

proposes canary flip-flop that mimics the stability of the worst flip-flop in design to achieve

power savings near the optimum. To track local variation, multiple canary circuits are used

by different transistor sizing (e.g. the ratio of pmos/nmosis changed to implement different

category of canary flip-flop [9]). However, sizing knob is less effective as parameter varia-

tion increases. In addition, the distribution of SRAM cell metric can be quite wide because

of the big number of instances. To mimic the worst cell, the canary cell must be able to

cover a wide range beyond 6σ. Therefore, novel canary circuit for SRAM is desired.

1.2 Major Contributions

In this thesis, we mainly address the impact of variation on SRAM minimum opera-

tional voltage in deeply scaled technologies. Design methods to combat both local random

variation and global variation are presented to achieve theoptimum power reduction while

maintaining required yield.

A Fast and Accurate Method for Vmin and Yield Estimation

Within-die variation causes a skewed distribution of Vmin for individual cells in a mem-

ory array. Cells far out in the tail (i.e.>6σ) limit Vmin for large SRAMs and determine

the maximum power reduction. A quick and accurate estimation of Vmin in the pres-
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ence of random variations can accelerate the exploration ofthe potential trade-offs among

performance, power, and yield and contribute to design an optimum SRAM for a given

application. However, standard Monte Carlo simulation is too computationally expensive

to estimate the tail values for large SRAMs. Comprehensive analytical model and bound-

ary searching method are intractable when the number of random parameters is large. Fast

Monte Carlo methods like the Statistical Blockade tool (SB)and Importance Sampling (IS)

can hasten the generation of the rare events. However, theirefficiency is sensitive to the

goodness of the sampling distribution or the tail filter.

In this thesis, we propose a new fast and accurate method to estimate Vmin based on the

statistical trend of static noise margin (SNM) with VDD scaling. Statistical models for Vmin

and yield are presented. We first show its efficiency for standby Vmin estimation. We then

extend this method to estimate Vmin and cell yield for read and write operations, which are

critical for dynamic power reduction. We generalize the model for both symmetrical and

asymmetrical types of cells so that it can be used for any types of SRAM cells. Our method

matches well with Monte Carlo within 5σ. In addition, it shows excellent agreements with

other fast Monte Carlo methods (the SB tool for standby Vmin estimation and IS for active

Vmin estimation) beyond 5σ, where it is extreme costly for Monte Carlo. With comparable

accuracy, our method offers a speedup of more than 4 orders ofmagnitude over Monte

Carlo, and it is less complicated than SB and IS. The analysisof the statistical accuracy

shows that estimates from our method maintain less than 5% error with 95% confidence

out to 8σ.
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An adaptive standby VDD scaling system for aggressive power reduction

Although designing for the worst-case ensures stability inall the conditions, it over-

protects data for non-worst-cases and hence loses extra power savings. An adaptive design

that can compensate for variation is preferable for ultra-low-power applications. Although

active feedback with opamp and programmable reference voltage [25, 32] can track both

process variation and voltage fluctuation, extra thermal sensor is still needed to track tem-

perature change. [59] proposes to use replica circuits to track PVT variation. However, the

replica cell it used has a much higher failure voltage than the actual SRAM cell.

In this thesis, we propose a closed-loop standby VDD scaling system using canary

replica cells. It can track all the PVT changes and achieve the maximum power savings

while maintaining data retention. In addition, our method provides the flexibility to trade-

off between the safety of data and decreased leakage power. Anovel canary cell circuit is

presented. We thoroughly analyze the adaptiveness of the canary cells for tracking PVT

variations. We present circuits for robustly building the control logic that implements the

feedback mechanism at subthreshold supply voltages. A prototype implemented on a 90nm

test chip confirms the function of the canary cell and the closed-loop feedback circuits.

We also propose several techniques to improve the efficiencyof this approach for 45nm

and beyond technologies. We add dummy cells around canary cell to enhance the correct

tracking of the layout dependent variations. We also propose a new canary circuit to avoid

the possibility that the canary cell would never fail because it happens to hold its more-

stable value. We incorporate a built-in self-test (BIST) block to automate the calibration of

SRAM Vmin and the tuning of the initial failure threshold foradapting process variation.

A 45nm test chip further demonstrates the effectiveness of the canary system for SRAM
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standby power reduction in sub-45nm nodes. The canary scheme also shows substantial

standby power savings for predictive technology nodes downto 22nm. We use conventional

6T SRAM as an example in our work, but the canary system can be extended for other

SRAMs using different type of cell.

1.3 Organization

The remainder of this dissertation is organized as follows.

Chapter 2 describes the impact of random variation on data retention voltage, i.e.

standby Vmin, and then presents the new statistical method for Vmin and yield estima-

tion during standby operation. The distribution of SRAM hold SNM and its sensitivity to

VDD is investigated. Based on that, we develop the analytical model for standby Vmin.

Finally, we show experiment results with 6T SRAM in a 90nm node and compare different

methods in terms of accuracy, speed, and confidence.

In Chapter 3, we extend our statistical method for active Vmin estimation. We analyze

read and write noise margin and their sensitivity to VDD. Then we generalize the model for

hold, read, and write. We show experiment results with 6T SRAM in a commercial 45nm

node.

In Chapter 4, we address the impact of global variation on SRAM Vmin and then pro-

pose the canary based closed-loop standby VDD scaling system. We first describe the prin-

ciple of the closed-loop VDD scaling system. Then we describe the details of the major

components, including the canary cell and bank, the failuredetector and the controller.

Adaptive reaction and overhead sources are analyzed. Finally, we present the measurement

results from the 90nm test chip.
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Chapter 5 presents the enhanced canary system for more advanced technologies. We

first describe the improvements on the canary cell. Then we present the built-in-self-test

and tuning (BISTaT) block for self-calibration of the canary system. The implementation

and measurement of the 45nm test chip with the new canary cellare presented. In addition,

we show the simulation results with the predictive technology model down to 22nm.

Chapter 6 concludes this dissertation and points out possible future improvements and

applications for the statistical method as well as the canary adaptive scheme.



Chapter 2

A Statistical Method for DRV

Estimation

2.1 Motivation

Standby leakage power can dominate the total power budget ofmemories or System-

on-Chips (SoCs) that dedicate increasingly large percentages of die area to memory. Supply

voltage (VDD) scaling is an effective approach for leakage power savingsduring SRAM/Cache

standby mode. Besides the direct effect of smaller voltage on power saving, VDD scaling

reduces both sub-threshold leakage current due to drain induced barrier lowering (DIBL)

effect and gate leakage current. Lowering VDD as far as possible maximizes leakage power

savings but might also lead to data loss. The data retention voltage (DRV) is the lower

bound of the standby supply voltage that still preserves data in the bitcells.

Device variability has been a big challenge for circuit design in nanometer technologies.

The most problematic variation is caused by the random inter-device variation sources, like

15
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random doping fluctuation (RDF). RDF induced variation increases with technology scal-

ing. The randomness of threshold voltage (VT) due to RDF can be modeled as a normal

distribution with the standard deviation inversely proportional to the channel area. SRAM

cells often use the smallest geometry to increase memory density, thus becoming partic-

ularly susceptible to RDF. Consequently, the DRV of one cellcan be very different from

another cell in the same array. Note that the DRV of an entire array is the DRV of the worst

cell in the array. The random nature of the DRV of bitcells makes the array DRV also a

random variable. Say, for a 1-Mb array, we desire that at least 99% of manufactured arrays

have a DRV of 0.7 V or lower. This places a very strict yield requirement on the bitcell:

the probability of the bitcell DRV exceeding 0.7 V must be 1.005e-8 ( 1 part per 100M) or

less. For larger array sizes, this exceedance probability for the bitcell must be even lower.

These extreme yield requirements on the bitcell DRV pose a difficult problem for yield

estimation, given a bitcell design.

A straightforward method for obtaining the array DRV is to run a full Monte Carlo

(MC) simulation until we obtain DRV values at the required probability levels. However,

this is often prohibitively slow for multi-Mb memories (e.g. months on a single machine).

For instance, to estimate the DRV with the probability of 1.005e-8, standard Monte Carlo

should run at least 100 million sample points to reach such anextreme probability level.

Even then, the estimate of DRV quantile will be suspect because of the lack of statisti-

cal confidence. However, running the requisite billions of samples (circuit simulations) is

utterly intractable.

To speed up the estimation of the rare events, various methods arise and fall into the

following two major categories.
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1. Non-Monte-Carlo (non-MC) methods: The first non-MC method is to develop a

dedicated comprehensive analytical model for the figure of metric. Although [51]

propose a theoretical model to approximate the DRV of a single cell, they didnt ad-

dress the statistical characteristics of DRV. The questionof how variations impact the

long tail of the DRV distribution is not answered. The secondand more generic non-

MC method is the boundary searching approach, which intendsto find the boundaries

in the parameter space that correspond to success/failure of the circuit without using

MC sampling [24, 58]. The authors demonstrated its efficiency for SRAM read ac-

cess yield estimation when considering only two major design parameters. However,

the real access yield is also determined by other design parameters that have a minor

impact on read access. When all the parameters are searched,this method becomes

expensive too.

2. Improved Monte-Carlo (MC) methods: The huge expense of MC for rare event

estimation is mainly due to the inefficiency of the rare eventsampling. Importance

sampling [15, 16, 30] and the Statistical Blockade (SB) tool[57] are two interest-

ing techniques to hasten the generation of the rare events. However, their efficiency

highly relies on the goodness of the sampling distribution and the tail filter respec-

tively. Extrapolation is an alternative way to avoid a full MC simulation. We can run

a relatively small number of samples and fit them into a known distribution. Then

we can quickly acquire the estimates in the extreme tail region by simply calcu-

lating with the fitting distribution. Although it is very simple, the accuracy of the

extrapolation method is dependent on how good the fitting distribution is. For the

non-Gaussion variables like DRV, it is hard to find a proper known distribution that
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can well fit the skewness of the tail region. Fitting as a normal and log-normal distri-

bution either underestimate or overestimate the tail values. The SB tool proposes to

use the generalized pareto distribution (GPD) to particularly fit the tail samples. Its

accuracy is dependent on the number of tail samples, which also requires fast Monte

Carlo methods like the tail filter in the SB tool to accelerateits generation.

In this chapter, we propose a new fast method to predict the tail of the DRV distribution.

We use the extrapolation method so that only a small number ofMonte Carlo samples is

required. The high accuracy is achieved by using a dedicatedstatistical model for DRV.

In the rest of this chapter, we first discuss the definition of DRV and the impact of local

variation on DRV. Then we discuss SRAM hold static noise margin and its sensitivity to

VDD. Based on this, we develop the statisical model for SNM and DRV. Finally, we show

experimental results and analyze the confidence of estimates.

2.2 DRV - Standby Vmin

Figure 2.1 shows the structure of the traditional 6T SRAM bitcell. NL and NR are

pull-down transistors; PL and PR are pull-up transistors; and XL and XR are pass-gate

transistors. During standby, the wordline signal WL is ‘0’ and the two bitlines (BL and

BLB) are precharged to VDD. During standby/hold, the bitcell’s job is to hold its data.The

SRAM cell consumes leakage power during standby, and Figure2.1 also illustrates various

leakage components. Sub-threshold leakage [19], Isub, is the dominant component, which

occurs due to the weak inversion conduction when the gate-source voltage (VGS) is less

than the threshold voltage (VT). Due to the drain induced barrier lowering (DIBL) effect,

Isub decreases exponentially with the reduction of the drain-to-source voltage (VDS). Gate
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Figure 2.1: 6T SRAM cell and various leakage current paths inside the cell.

leakage [40], Ig, is the direct tunneling current through gate oxide to channel and the overlap

region between gate and source/drain extention. It grows exponentially with the scaling of

the gate oxide thickness and VDD [40], although new high-k metal gate devices promise

large reduction in gate leakage [42]. IGIDL is gate induced drain leakage (GIDL) current,

which is caused by the high electric field region under the gate-to-drain overlap region [66]

and Ij is caused by the reverse-biased pn junction. Both IGIDL and Ij decrease dramatically

with VDD. Therefore, VDD scaling can effectively reduce the total leakage current ofthe

cell, Ilk,total. Fig. 2.2 shows that Ilk,total is reduced by more than 10× for a cell in 45nm.

Due to the aspect of VDD itself, the leakage power of the cell, which is equal to Ilk,total·VDD,

is further reduced with a lower VDD. Many designs have exploited this dependence on VDD

for SRAM leakage power reduction, by scaling down VDD during standby and/or active

operation [5, 18, 20, 29, 35, 51, 68].

However, collapsing VDD degrades cell stability. Figure 2.3 shows how excessiveVDD

scaling causes a bitcell to lose its original data (‘0’ in this example). Figure 2.3(a) shows
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Figure 2.2: The normalized cell leakage current vs. VDD.
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Figure 2.3: Cell nodes Q and QB (a) converge if the cell is balanced or (b) flip if the cell is
imbalanced when VDD is lowered than DRV.

the case when the cell is balanced (symmetric), with identical left and right halves. With

VDD scaling, the cell nodes Q and QB converge to a metastable point as a result of degraded

gain, making the ‘0’ and ‘1’ states indistinguishable. Figure 2.3(b) shows the case when

the cell is imbalanced by some variation induced mismatch inthe transistors. In this case,
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Figure 2.4: Simulated DRV histogram for a 10K-b SRAM in a 90nmnode.

Q and QB flip to the more stable state (‘1’ here). The data retention voltage (DRV) defines

the minimum VDD that can be applied to an SRAM cell without losing data. Sincea cell

can store either a ‘0’ or a ‘1’, the actual DRV is computed as follows.

DRV = max(DRV0, DRV1) (2.1)

where DRV0 is the DRV when the cell is storing a ‘0’, and DRV1 is the DRV when it

is storing a ‘1’. If the cell is balanced, then DRV0 = DRV1. However, if there is any

mismatch due to process variations, they become unequal. Particularly, one becomes much

larger and the other becomes much smaller or even close to 0. Smaller DRV means the

cell is more stable. This implies that mismatch will make thecell more stable for one data

value while less stable at the other. Therefore, to obtain the real DRV, we must pick the

worst (largest) from both DRV0 and DRV1.

We run Monte Carlo simulation with independent normally-distributedVT variation on

each transistor of the 6T cell. Figure 2.4 shows the histogram of a 10K-point MC simulation

for the DRV of SRAM bitcells in a commercial 90nm CMOS process. The DRV exhibits a

non-Gaussian distribution with a heavy tail on the right side. DRV values in this heavy tail
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are most relevant for a fault-free SRAM array, since the worst cell in the array determines

the minimum standby VDD that can be applied to the array. Accurate estimation of the DRV

values in the tail is essential for optimizing the trade-offbetween SRAM yield and standby

power savings. If the tail value is over-estimated, the cellwill be over-designed or over-

protected thus limit the standby power savings. On the contrary, if it is under-estimated,

more cell failures than predicted will occur and the yield cannot be met. However, for large

memories, we need to estimate extremely rare DRV quantiles,and standard Monte Carlo

simulation is too expensive, computationally. This problem motivates our work.

Since DRV is the minimum VDD below which a cell can not preserve its data, we can

also consider it as the VDD at which static noise margin (SNM) first equals zero in a noise-

less system. Therefore, we propose to use SNM as a starting point to explore DRV statistics.

2.3 Cell Hold SNM Statistics and Its Sensitivity to VDD

SNM measures the amount of DC voltage noise that a cell can tolerate. SNM equals

the length of the largest square that can be embedded betweenthe voltage characterization

curves (VTCs) of the two half-cells [55] as shown in Figure 2.6. Particularly, the largest

square in the upper-left lobe is the SNM1, the SNM when the cell is storing a ‘0’; the

largest square in the lower-right lobe is the SNM0, the SNM when the cell is storing a ‘1’.

The actual SNM is computed as follows.

SNM = min(SNM1, SNM0) (2.2)

Within-die VT variation is the major source of cell imbalance, thus it alsohas a huge

impact on SNM. Figure 2.5(a) plots 5K-point samples of SNM1 and SNM0 from Monte
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Figure 2.5: (a) Histogram of SNM1 and SNM0 from 5K samples of MC simulation and
(b) Quantiles of SNM1 and SNM0 vs the theoretical standard normal quantiles when
VDD=0.6V. SNM1 and SNM0 can be approximated with the same normaldistribution.

Carlo simulations with normally distributed within-die VT variation when VDD=0.6V. The

data show that the distributions of SNM1 and SNM0 are nearly identical and close to a

normal distribution. If we further plot the SNM1/SNM0 quantiles versus theoretical stan-

dard normal quantiles in the quantile-quantile (Q-Q) plot (seen in Figure 2.5(b)), the points

are roughly on a straight line, which implies that both SNM1 and SNM0 can be well ap-

proximated by a normal distribution. Therefore, we can accurately estimate the mean (µ)

and standard deviation (σ) of SNM1/SNM0 by fitting a normal distribution to data from a

small-scale (e.g. 1.5K∼5K points) MC simulation.

Figure 2.6 shows the change of VTCs and the embedded SNM squares as we decrease

VDD using the same example bitcells as in Figure 2.3. Figure 2.6(a) shows that symmetry

allows the cell to remain bistable to lower VDD. It becomes clear that the DRV equals

the supply voltage at which SNM is equal to zero in a noiselesssystem. Both SNM1 and

SNM0 decrease symmetrically to zero, implying that DRV0 and DRV1 are equal. However,

the stability of the imbalanced cell (and its DRV) strongly depends on the data pattern. For
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Figure 2.6: VTCs of (a) balanced and (b) imbalanced cells with varying VDD; VM is the
trip point of the VTCs.
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Figure 2.7: SNM vs VDD under various mismatch scenarios.

example, in Figure 2.6(b) this particular imbalanced cell always has a larger SNM0, and its

SNM1 decreases to zero at a lower VDD. Therefore, this imbalanced cell is more sensitive

to VDD when Q=0, and its DRV is set by DRV0.

To find DRV, we must lower VDD until SNM reaches zero. So it is necessary to exam-

ine the sensitivity of SNM to VDD. Figure 2.7 shows the simulated SNM1 vs VDD under

different mismatch conditions, including no VT mismatch and±3/±6σ VT mismatch on
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Figure 2.8: SNM vs VDD under various mismatch scenarios.

NL (in Figure 2.1). In each case, the SNM varies linearly withVDD with nearly identical

slope. Based on these observations, we assume the sensitivity of SNM1 to VDD is a con-

stantk regardless of VT mismatch on the cell transistors. SNM1 at voltagev, SNM1v, can

be approximated with (2.3):

SNM1v = k(v − v0) + SNM1v0
(2.3)

wherev0 is the initial VDD and SNM1v0
is the SNM1 value when VDD=v0.

Figure 2.8 shows the simulated SNM1µ andσ from 5-K MC samples under different

VDDs. This plot verifies thatσ remains constant whileµ linearly deceases with VDD scaling.

This is reasonable since the shape of the distribution is mainly determined by the intrinsic

parametric VT variation, which is unchanged with VDD scaling. The sensitivities ofµ and

σ to VDD are:

∂σ

∂VDD
≈ 0,

∂µ

∂VDD
≈ k.

Note that here we do not consider aging related mechanisms (e.g. NBTI) that change
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device VT after silicon implementation. To extract the linear fittingcoefficientk, ideally we

should run Monte Carlo simulations on multiple VDD points and then fit a linear model to

the curve of the mean of SNM1 versus VDD as shown in Figure 2.8. Though this method is

more accurate, it requires thousands of Monte Carlo simulations for each VDD. We observe

that the curve of the nominal SNM1 versus VDD (the solid one in Figure 2.7) has about the

same slope as the curve of theµ values versus VDD in Figure 2.8. Based on this, we propose

to extractk from the linear fit to the curve of the nominal results, which only requires a

single short DC-sweep SPICE simulation and thus offers a great speedup. However, this

simplified procedure might lead to some errors. We will further discuss how to maintain a

good accuracy when usingk extracted from a single DC simulation in Section 2.6.

2.4 SNM and DRV Statistical Model

The real SNM of the cell is the minimum of SNM1 and SNM0. As shown in Figure 2.5,

the distribution of SNM1 and SHNL are almost identical because of the symmetry of the

6T cell. If we assume SNM1 and SNM0 are also independent random variables, then the

cumulative density function (CDF) of SNM at supply voltagev is

FSNMv
(s) = P(SNMv < s)

= P(min(SNM1v, SNM0v) < s)

= P(SNM1v < s) + P(SNM1v ≥ s, SNM0v < s)

= 2FSNM1v
− F 2

SNM1v
, (2.4)

whereFSNM1v
≈ N (µ, σ).

A cell hold failure occurs when the cell’s SNM is less thans, which is often a positive
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value. If more noise immunity is needed (e.g. for soft-errorprotection),s should be larger.

We definePf(v, s) as the cell hold failure probability when VDD = v and the minimum

acceptable noise margin iss, which we compute in (2.5), using (3.3).

Pf(v, s) = P(SNMv < s)

= erfc(x) − 1

4
erfc2(x), (2.5)

where x =
µ0 + k(v − v0) − s√

2σ0

,

erfc(·) is the complementary error function, which can be computednumerically, andµ0

andσ0 are some estimates of the mean and standard deviation of SNM1v0
.

DRV is the minimum operation voltage during standby mode. More specifically, we

denote the random variable DRVs as the cell DRV for a specific noise margin requirement

s. Thus, the failure of the cell at the supply voltagev can also be defined as the event when

DRVs is larger thanv.

Pf(v, s) = P(DRVs > v) (2.6)

By equalizing (2.5) and (2.6), we can compute the inverse CDFof DRVs as follows.

F−1
DRVs

(p) =
1

k

(√
2σ0 · erfc−1 (2 − 2

√
p) − µ0 + s

)

+ v0, (2.7)

where P(DRVs ≤ F−1
DRVs

(p)) = p

and erfc−1(·) is the inverse function of erfc(·). (2.7) allows us to directly compute the

standby supply voltage required to maintain a desired probability of hold failures.

A good estimation of the cell failure probability can improve the estimation of SRAM

yield, which is a critical metric for SRAM design cost. Suppose we are designing an SRAM

array with a capacityN (in bits) and the ability of tolerating up toR errors(e.g. by using
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error correction, etc.). We can use (2.5) to estimate the cell failure probabilitypf at one

supply voltage. Then the SRAM yield,py, at this supply voltage can be computed from

(2.8).

py =

R
∑

j=0







N

j






pj

f(1 − pf )
N−j (2.8)

pf = 1 − N
√

py, when R = 0 (2.9)

On the other hand, for a given yield constraint, we can obtainthe required cell failure

probability by transforming (2.8). For simplicity, here weonly consider the case when no

errors are allowed (i.e.R=0). Then the requiredpf can be computed from (2.9), and we

can quickly predict the minimum VDD value (i.e. DRVs) satisfying this yield constraint

from (2.7) withp = 1 − pf .

Both (2.5) and (2.7) only require four parameters. They are the initial VDD value (v0),

and other three fitting coefficients: the mean and standard deviation of SNM1 atv0 (µ0 and

σ0) as well as the sensitivity of SNM1 to VDD (k). Now let us summarize the steps of using

our model as followings:

1) Pick a value forv0.

2) Extractµ0 andσ0 from a 1.5K∼5K-point MC simulation of SNM1 when VDD = v0.

3) Extractk from a short DC-sweep of the nominal SNM1 vs VDD.

4) Pick a value fors as a minimum acceptable noise margin.

5) Use (2.5) to compute the cell hold failure probabilityPf(v, s) when VDD = v and

use (2.8) to compute the SRAM yield.OR
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6) Use (2.7) to compute the minimum VDD that can ensure the cell hold failure proba-

bility pf (or the required yield from (2.9)).

We will discuss the sensitivity of the model to the four parameters in Section 2.6.

2.5 Model Evaluation

Monte-Carlo simulation of phenomena such as array-wide DRVcan take huge amounts

of time. As the memory size increases and samples from far outthe tail are required, this

simulation delay becomes untenable. Our new Statistical Blockade (SB) tool [3] improves

upon traditional M-C for simulating rare events. To reduce simulation time, the Blockade

tool classifies the possible M-C samples prior to simulationand selects only a subset of

them that are likely to appear on the tail for simulation. After simulating this subset of

points, the tool identifies the true tail points and uses themto fit a Generalized Pareto

Distribution (GPD) model to the tail [3]. This statistical model allows estimation of events

even farther out in the tail of the distribution of interest.In the next section, we show how

we used the SB tool to verify the statistical DRV model and howthe GPD model produced

by the tool closely matches the actual DRV distribution.

We now test our DRV statistical model with comparison of the result from different

methods. This experiment uses an SRAM cell implemented in anindustrial 90 nm process.

Without loss of generality, we choose zero noise margin (i.e. s = 0) as the cell failure

criterion. Figure 2.9 plots the DRV quantiles against the quantiles of a standard normal

distribution. That is, if theq-th quantile of the standard normal distribution is equal to

m (i.e. m-σ point for a standard normal) and theq-th quantile of the DRV distribution

is equal toy, we plot the point at(m, y) coordinates of the figure. Since SRAM arrays
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Figure 2.9: Estimates of DRV quantiles from five estimation methods. The GPD model
closely fits the analytical model (2.7). The (red) circles with mle4 are obtained from stan-
dard Monte Carlo simulation and the 3 circles with m>4 show the worst DRV values from
the three recursion stages of statistical blockade sampling. The normal and lognormal
models are quite inaccurate.

usually have at least 1,000 bitcells, we are only interestedin the quantiles larger than 99.9-

th percentile, which is∼3σ point of the standard normal distribution. Figure 2.9 uses five

different methods to estimate the DRV quantiles form ∈ [3, 8]:

1) Analytical DRV model: Use (2.7) withp equal to the probability of the normal quan-

tile atm (i.e. p = 0.5erfc(−m/
√

2)). We extracted k=0.425 from a DC sweep simu-

lation for SNM1. We selected 100mV asv0 and obtained the parametersµ0=11.0mV

andσ0=9.3mV from a 5K-point Monte Carlo simulation.

2) Standard Monte Carlo or fast Monte Carlo with recursive statistical blockade: Use

standard Monte Carlo for estimations below 4σ. Estimates greater than 4σ were
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obtained by the recursive blockade method, thus allowing dramatically reduced sim-

ulation time. Note that here we are not using the GPD model, but only the empirical

estimate from the sampled values. We obtain the results for total sample sizes of

100,000, 10 million and 1 billion Monte Carlo points from therecursive SB tool.

The corresponding worst DRV value are estimates of the 4.26σ, 5.2σ and 6σ points,

respectively.

3) GPD model from recursive statistical blockade: The 1,000 tail points from the last

recursion stage of the recursive statistical blockade run are used to fit a GPD model,

which is then used to predict the DRV quantiles.

4) Normal: A normal distribution is fit to data from a 1,000 point Monte Carlo run, and

used to predict the DRV quantiles.

5) Lognormal: A lognormal distribution is fit to the same set of 1,000 MonteCarlo

points, and used for the predictions.

From the plots in Figure 2.9, we can immediately see that the results from both the

analytical DRV model and the GPD model closely track the Monte Carlo results up to 6σ.

In addition, the two models match each other even at the 7∼8σ tail. This matching of inde-

pendently derived models increases the confidence that theyare correct. It is also obvious

that the normal and lognormal approximations are quite inaccurate for the DRV estimation

in the tails. The normal fit is unable to capture the skewness of the DRV distribution, thus,

underestimating DRV tail points. On the other hand, the lognormal distribution has a heav-

ier tail than the DRV distribution and, thus, overestimatesDRV tail points. Note here that,

since our final GPD model usest as the 99.9999-th percentile point (∼ 4.75σ point), the
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model does not have a real probabilistic meaning belowm = 4.75. However, it can still

be employed as a purely shape fitting function, as long as we are far from the mode in the

distribution of DRV.

Our statistical DRV model provides significant speedup compared with Monte Carlo for

the rare tail points of the DRV distribution. No matter how rare the event is, the DRV model

only needs a few thousand MC simulations to extractµ andσ of the SNM1 distribution. It

can thus provide a speedup up to 105× over MC for a 6σ point, which requires at least 1

billion simulations.

2.6 Confidence in the Estimates

Intuitively, the statistical confidence of our estimates decreases as we predict farther

out in the tail. In other words, the variance of the predictions will probably increase as we

move out in the tail. Next, we will assess the confidence interval of the DRV estimation

from the analytical DRV model, the GPD model as well as the Monte Carlo mothed.

Suppose we haven estimatesyi(m), i = 1, . . . , n for themσ point, say by building the

statistical DRV model fromn different Monte Carlo runs of SNM. From these estimates

we can empirically compute the 97.5% percentile and 2.5% percentile points,y97.5%(m)

andy2.5%(m), respectively. A 95% confidence intervalκ95%(m) can then be estimated as

κ95%(m) = y97.5%(m) − y2.5%(m). (2.10)

The 95% confidence interval can also be expressed as[ŷ − αŷ, ŷ + αŷ], whereα is the

radius of 95% confidence interval as a percentage of the mean of the estimates. Smallerα
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Figure 2.10: Radius of 95% confidence intervals as a percentage of the mean value for
DRV estimation for the analytical model, the GPD model and the Monte Carlo method

implies lower variance in the DRV estimate. For amσ point, we then computeα as

α(m) =
κ95%(m)

2
n

∑n

i=1 yi(m)
. (2.11)

We use this empirical method to compute 95% confidence intervals for the estimate of

themσ point of the SRAM cell DRV, wherem ∈ [3, 8]. Figure 2.10 shows the radius of

the 95% confidence interval for the analytical DRV model, theGPD model and the Monte

Carlo method (using 1 million sample points). Next, we will describe how we obtain the

results for each approach.

2.6.1 Confidence Interval of the Analytical Model

The analytical model in (2.7) only requires four parameters: k, v0, µ0, andσ0. The

variance of the estimation is determined by the sensitivityof the model to these parameters.

Sinceµ0 andσ0 are fitting coefficients from a small-scale Monte Carlo simulation of SNM1
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when VDD = v0, we first assess the variance of the DRV estimates from the variance of

these two parameters.

We can empirically estimate the confidence or variance of this model as follows: We

first fix v0 andk, and runn runs of MC simulations withnMC samples each. That will give

usn different pairs ofµ0 andσ0. Then we use (2.7) to computen estimates of DRV at the

m point, and use (2.10) and (2.11) to compute the tightness of 95% confidence interval,

α(m), under this pair of (v0,k). We choosev0=100mV and run 50 MC iterations using

1,000 samples for each.k is approximated to 0.425 by fitting the linear curve to the data

from the DC simulation of the nominal SNM1 vs VDD as the solid curve in Figure2.7. The

dashed curve in Figure 2.10 shows the computedα(m) values, which are all below 4% for

m ∈ [3, 8].

We then use this method to computeα(m) for different pairs of (v0,k) to check the

sensitivity of the variance tov0 andk. We alterv0 from 100mV to 200mV and 300mV.

Fork, besides the value 0.425 from the nominal SNM1 vs VDD, we evaluate another value,

0.4438, which is obtained from the linear fit to the estimatedmean of SNM1 from those

Monte Carlo samples at the threev0 points. As we mentioned in Section III-A, it is much

faster to obtaink from the nominal SNM1 by just running a single short DC sweep simula-

tion. However, it is necessary to examine that whether this faster method can also offer the

comparable accuracy. Here, we first compare the twok values in terms of the variance of

the estimate. In section V-B-3, we will also show the accuracy of the mean of the estimate

with these twok values. Figure 2.11 plots the radius of the 95% confidence interval for

each pair of (v0,k). For all the curves, although the statistical error (α) slightly increases

with m, it remains within 4% (i.e. above 96% accuracy for 95% confidence interval) up to
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Figure 2.11: Radius of 95% confidence intervals as a percentage of the mean value for
DRV estimation using the analytical model with different pairs of v0 andk.

the 8σ point. This indicates that the variance of the DRV estimatesfrom our model is not

sensitive to either parameter.

2.6.2 Confidence Interval of the GPD Model & Standard Monte Carlo

Suppose thatxi, i = 1, 2, . . . , n are the sampled order statistics (e.g., DRV values); i.e.,

the sampled valuessortedin ascending order. Then, anyxi is also an estimate of thei/n-th

quantile. But, there is a non-trivial probability that someother order statisticxj , j 6= i, may

match the actuali/n-th quantile. Now suppose thatpt is such thatnpt is an integer. Then,

the probability that thei-th order statistic,xi, equals thept quantile is given by a binomial

distribution, which for largen can be well approximated by the normal distribution:

P (xi = pt-th quantile) ∼ N(npt, npt(1 − pt)). (2.12)
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A ±2σ 95.45% confidence interval in terms of the quantile estimateindex i is then given

by

[l, h] =
[

⌊npt − 2
√

npt(1 − pt)⌋, ⌈npt + 2
√

npt(1 − pt)⌉
]

. (2.13)

We sample 10,000 pairs of GPD parameters from the joint normal distribution with

this mean vector and its covariance matrix to compute different estimates of DRV. With

these DRV estimates, we compute the confidence interval-based accuracy measure,α, us-

ing (2.10) and (2.11). The dash-dotted curve in Figure 2.10 shows the result of applying

this method. It suggests that for error within 5% with a confidence of 95% we can predict

out to 6.6σ (1 in 48.6 billion).

Finally, we compare the confidence intervals of the estimates from our two methods

with the confidence intervals of standard Monte Carlo estimates. The confidence interval

of themσ from ann-point Monte Carlo run is given by[xl, xh], wherel andh are given

by (2.13), but now we replacept with the CDF associated withm: Φ(m). Once again,

xl andxh are thel-th andh-th order statistics from then-point sample. We now estimate

confidence intervals for our 1 million point Monte Carlo run.The result is plotted as the

solid curve in Figure 2.10. The width of the confidence interval from Monte Carlo increases

as we estimate further out to the largerm points. Note that with 1 million MC samples,

we can only obtain the confidence interval up to∼4.5σ because there is no available DRV

estimate beyond that.

We further compare the mean of the DRV estimation from the twomodels with Monte

Carlo. Figure 2.12 shows the error relative to the result of Monte Carlo whenm ∈ [3, 4.25].

Although we use the term error, it should be noted that the Monte Carlo estimate itself has

some statistical error (Figure 2.10). For m≤4, the GPD model offers less than 1% error.



Chapter 2: A Statistical Method for DRV Estimation 37

3 3.25 3.5 3.75 4 4.25
0

1

2

3

4

5

6

7

8

9

10

E
rr

or
 r

el
at

iv
e 

to
 M

on
te

 C
ar

lo
 (

%
)

m (Standard Normal Quantile)

 

 
(0.1V,0.425)
(0.2V,0.425)
(0.3V,0.425)
(0.1V,0.4438)
(0.2V,0.4438)
(0.3V,0.4438)
GPD

Figure 2.12: Error of the mean of the DRV estimates from the analytical model (the solid
curves) and the GPD model (the dashed curve) relative to a 1 million point Monte Carlo.
For the analytical model, results from different pairs of (v0,k) indicate that a higher accu-
racy can be achieved by choosingv0 near the DRV of an ideal cell, which is∼100mV for
this 90nm test case.

A slightly larger error occurs when m=4.25, where the Monte Carlo result is itself less

confident as shown in Figure 2.10. In Figure 2.12, we also plotthe error of the analytical

model for different pairs of (v0,k). Estimation withv0=100mV shows the best agreement

with Monte Carlo and the GPD model (∼1% of error for m≤4). It should be noted that

the nominal DRV is less than 100mV for the 90nm node we used. With v0=100mV, we

can obtain more samples with negative SNM1/SNM0 values so that the approximatedµ0

andσ0 can be closer to the true statistics of SNM1/SNHL, which are the key ingredients

in the analytical DRV model. The results also show that when we use thek value 0.425

that is obtained from a single DC simulation of the nominal SNM1 vs VDD, the accuracy

of the DRV model is more sensitive tov0. In this case, estimation withv0 > 100mV shows

relatively larger errors. However, if we choosek as 0.4438, the value from the linear fit to

the curve of the mean of SNM1 vs VDD, the sensitivity of the error tov0 is reduced. This is
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because the effect of differentµ0 at differentv0 is eliminated and the shift of the estimate

is only caused by the relative small difference ofσ0 at distinctv0 points. Therefore, we

suggest that a value ofv0 close to, but larger than the DRV of an ideal cell is a better choice

for a higher accuracy, especially when usingk from the quick DC simulation of the nominal

case for a faster estimate.



Chapter 3

Extended Statistical Method for SRAM

Vmin and Yield Estimation

3.1 Motivation

In recent years, great efforts have been made to push down SRAM operational voltage

to achieve more power savings in DVS environment ([3, 14, 28,44]). Ultra-low VDD

SRAMs operating with VDD near or below threshold voltage (VT) are also proposed for

energy-efficient applications ([8, 61]). However, the minimum operational voltage (Vmin)

is limited by the functionality of SRAM operations, including cell read stability, write

ability, access speed, and hold stability. An accurate and fast prediction of Vmin and/or

yield can accelerate the exploration of the potential tradeoffs among performance, power,

and yield and contribute to design an optimum SRAM for a givenapplication. However,

the finding of the optimum Vmin becomes difficult in the presence of global and local

variations.

39
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In the previous chapter, we focus on Vmin during standby mode(i.e. the data retention

voltage) for leakage power minimization. We derive a statistical model based on the sen-

sitivity of the hold SNM distribution to VDD. In this chapter, we further investigate active

Vmin for read and write operations, which are essential for active power reduction and even

more susceptible to variations under a low voltage. We discover that both cell read stability

and write ability behave regularly with VDD scaling as cell hold stability does. Thereby

we propose a generic method to estimate Vmin for different operations. In addition, we

generalize the form of the statistical model for both symmetrical and asymmetrical types of

cells. To demonstrate the accuracy of our method, we compareit with both standard Monte

Carlo and Importance Sampling.

Vmin is also determined by access failures due to an insufficient sensing signal devel-

oped within the required access time. In addition, the reliability issues such as negative

bias temparature instability (NBTI) and soft gate oxide breakdown can cause Vmin drift.

These topics are out of the scope of this paper. In this thesis, we focus on the impact of cell

stability on Vmin in the presence of parametric variations.

The rest of the chapter is organized as follows. We first discuss read/write SNM metrics

and their statistics with VDD scaling. Then we present the details of our generic statistical

model for Vmin and cell yield. Finally we describe the experimental setup and the experi-

mental results with 6T SRAM in a commercial 45nm node.

3.2 Read and Write SNM Statistics

We denote SNM0 and SNM1 as the SNM when the cell stores ‘0’ and ‘1’. The true

SNM is the minimum of SNM0 and SNM1. We also call the SNM for hold, read and write
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operation HSNM, RSNM, and WSNM, respectively.

3.2.1 RSNM and WSNM Statistics at one VDD

VTC-based read SNM has been widely used as the measure of SRAMread stability.

The RSNM is the length of the largest square that can be embedded between the two VTC

curves [55]. RSNM1 and RSNM0 measure the largest square inside the upper-left and

lower-right lobe, respectively. Recently a new metric called N-curve has been proposed

[69]. The stability of an SRAM cell is determined by ICRIT, the peak current of the ‘N

curve’. [39] demonstrates a linear correlation between RSNM and ICRIT. In this work, we

choose the traditional RSNM as the metric to investigate read Vmin. The same methodol-

ogy can be used for ICRIT. Under normally distributed random parametric variation,both

VTC-based RSNM and ICRIT. Fig. 3.1 shows the quantile of RSNM0 and RSNM1 ver-

sus the theorical quantile of a standard normal variable. The near strict linearity between

RSNM0/RSNM1 quantile and the standard normal quantile implies that each of them can

be fitted to a normal distribution. In addition, the two distributions almost overlap with

each other, which confirms that they are identical distributions.

Different methods have been used to measure write static noise margin. The first

method is based on the VTC butterfly curves [4]. It measures the width of the smallest

square that can be embedded between the VTC curves. The second criterion is measured by

sweeping down the bitline voltage (VBL) [77]. The write margin is defined as the BL volt-

age at the point when the internal nodes flip. An alternative criterion measures the wordline

voltage (VWL) [22]. In this case, the write margin is defined as the margin between VDD

and the WL voltage when the nodes flip. Instead of measuring voltages, a similar criterion
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Figure 3.1: The quantile of RSNM0 / RSNM1 vs. the quantile of atheoretical standard
normal variable. The near strict and equal linearity implies that they can be well fitted to
the same normal distribution.

as ICRIT based on the N-Curve approach is proposed for write ability [23]. We call it WTI.

We have discovered that VWL, VBL and VTC metrics have stronger correlation with the

real dynamic write margin [64]. Therefore, these three metrics are better candidates. We

further examine the statistical characteristic of those metrics. Fig. 3.2 shows the Quantile-

Quantile (Q-Q) plot of the normalized static write margin data using each method from

simulation. Only the VBL and VWL data exhibit the nice linearity, which implies that they

can be well approximated with a normal distribution. And interestingly, these two data

almost overlap with each other. On the contrary, the VTC based and N-Curve based write

margin distribution are skewed at either one or two ends. Since normal distribution can be

well modeled, we prefer to use either the VBL or the VWL metrics as the write ability cri-

terion. Here, we use the VWL metric to estimate Vmin. All the WSNM values we mention

in this paper are from the VWL metric. But the same method can be applied if choosing

VBL metric instead.
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Figure 3.2: Q-Q plot of the normalized write static noise margin with different methods.
The linearity of the bitline (VBL) and wordline (VWL) curvesimplies that they can be well
approximated as a normal distribution.

3.2.2 RSNM and WSNM Statistics at Arbitrary VDD

We have demonstrated that RSNM0/RSNM1 and WSNM0/WSNM1 at one VDD follow

normal distribution. Since we are interested in the minimumoperational voltage, an more

important question is how those distributions would changewith VDD scaling.

We observe that all the distributions remain Gaussian afterlowering VDD. Moreover, as

seen in Fig. 3.3, the sensitivity of the meanµ and the standard deviationσ of each SNM0

distribution to VDD actually exhibits a nice trend, which can be fitted with the polynomial

models as:

∂µ

∂VDD
≈ a · VDD + b,

∂σ

∂VDD
≈ c. (3.1)

Here,a, b, andc are fitting coefficients. For the technology and the SRAM cellwe used,

the fitting errors are no greater than 2.4% for all the curves.Now if we know the estimate

of µ andσ of SNM0 at one initial supply voltagev0 areµ0 andσ0, then we can computeµ
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Figure 3.3: (a) The mean value and (b) the standard deviationof the simulated RNM and
WNM with the change of VDD. The mean of SNM is fitted to the 2nd degree polynomial
and the std of SNM is fitted to the 1st degree polynomial.

andσ of SNM0 at any new VDD, v, as:

µ = µ0 + a(v2 − v2
0) + b(v − v0), σ = σ0 + c(v − v0). (3.2)

Note that for symmetrical cells such as the traditional 6T cell, theµ andσ of RSNM1/WSNM1

are equal to those of RSNM0/WSNM0; for asymmetrical cells like the novel 5T cell, their

values might differ.

3.3 Vmin and Yield Model

In this section, we derive our generic Vmin model from the connection of Vmin and

SNM with cell failure probability.

Let us first look at SNM. SNMv is denoted as the cell SNM under a given supply voltage

v. The failure of the cell occurs when its SNMv is less than the minimum acceptable noise

margin, says. We denote Pcf(v, s) as the cell failure probability for supply voltagev and
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the acceptable NMs. It is equal to the value of the cumulative density function (CDF) of

SNMv at s:

Pcf(v, s) = P(SNMv < s)

= P(min(SNM0v, SNM1v) < s)

= P(SNM0v < s) + P(SNM1v < s)

− P(SNM0v < s, SNM1v < s). (3.3)

For symmetrical cells like the conventional 6T cell, SNM0 and SNM1 are identical normal

random variables. By applying this fact and assuming they are also independent variables,

we can further obtain (3.4)

Pcf(v, s) = 2FSNM0v
(s) − F 2

SNM0v
(s)

= erfc(x) − 1

4
erfc2(x) (3.4)

where x =
µ − s√

2σ
(3.5)

whereµ andσ are the mean and std of SNM0 at supply voltagev, and erfc(·) is the com-

plementary error function, which can be computed numerically. Now by applying (3.2),x

can be expressed as

x =
µ0 + a(v2 − v2

0) + b(v − v0) − s√
2(σ0 + c(v − v0))

(3.6)

This allows us to quickly estimate the cell failure probability at any VDD without rerunning

simulation at the new VDD.

Besides SNM, an alternative way to compute cell failure probability is from Vmin. We

denote Vmins as the cell’s minimum operation voltage for an acceptable noise margins.

Thus, the failure of the cell at the supply voltagev can also be defined as the event when
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Vmins is larger thanv.

Pcf(v, s) = P(Vmins > v) (3.7)

By equalizing (3.4) and (3.7), we can obtainx from (3.8) for a desired probability of cell

failuresp and then compute the required Vmin value,v, by solving (3.6).

x = erfc−1(2 − 2
√

1 − p) (3.8)

here erfc−1(·) is the inverse function of erfc(·).

So far we assume that the cell is symmetrical so that SNM1 has the same distribution

as SNM0. In the case of an asymmetrical cell (e.g. 5T cell), SNM0 and SNM1 could be

different normal variables. Supposeµl andσl are mean and std of SNM0,µh andσh are

mean and std of SNM1.

Pcf(v, s) = 1 − 1

4
erfc(

s − µh√
2σh

) · erfc(
s − µl√

2σl

) (3.9)

where µh = µh,0 + ah(v
2 − v2

0) + bh(v − v0),

σh = σh,0 + ch(v − v0),

µl = µl,0 + al(v
2 − v2

0) + bl(v − v0),

σl = σl,0 + cl(v − v0)

For a given Pcf(v, s), we can numerically solve (3.9) to obtain the required Vmin value,v.

3.4 Experimental Setup

We test our method with a 6T SRAM cell in a commercial 45nm CMOStechnology.

Without loss of generality, we choose 0 as the acceptable noise margin (i.e.s=0).
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3.4.1 Vmin Simulation Methods

Since Vmin is the minimum VDD for a non-negative SNM, we can find one cell’s Vmin

value through iterations of SNM simulations. For each iteration, we simulate SNM with

the VDD value decreased by one step until the SNM drops below 0. The drawback is, it

costs many dc simulations for each Vmin sample. To reduce simulation time, we use an

alternative method to simulate Vmin with a single dc run.

we connect the cell supply voltage, WL, and BL/BLB to VDD. Then we do a dc simu-

lation by sweeping down VDD. The read Vmin (VminR) is the VDD value before Q and QB

flip to the opposite state. Fig. 3.4(a) shows an example whereVminR=581mV. As illus-

trated in Fig. 3.4(b), using the SNM simulation method, we obtain the same VminR value,

at which the RSNM0 (the square inside the lower lobe) becomes0. Thus, a single dc sweep

can replace multiple SNM simulations for finding VminR.

For a write ‘1’(‘0’) operation, we tie the cell supply voltage, WL and BL(BLB) to

VDD and BLB(BL) to ground; Q and QB initially are holding ‘0’(‘1’) and ‘1’(‘0’). Then

we perform one single dc sweep on VDD from low to high. The write Vmin (VminW) is

the point where Q and QB start to flip. Fig. 3.5(a) shows an example where the cell has

VminW=512mV. Fig. 3.5(b) shows the results of the static write margin simulation for the

same cell. WSNM is the margin between VDD and the WL voltage where Q and QB flip.

WSNM is 0 at VDD=512mV, which equals to VminW. Again, a single dc sweep can replace

multiple write margin simulations to identify VminW.
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Figure 3.4: (a) For one VDD, RSNM0 is the largest square that can be embedded between
the two VTC curves; When VDD=581mV, this cell has RSNM0=0; (b) Using alternative dc
simulation setup, Q and QB cell nodes flip when VDD <581mV. Thereby we can obtain the
same VminR value from the two simulation methods.

3.4.2 Importance Sampling

Importance Sampling (IS) is a widely used technique to reduce the variance of Monte

Carlo simulation. Suppose parameterX has the original densityf(x) and the sampling

densityg(x), andY is the output of an unknown function ofX. Then the estimator of the

probabilityp = P (Y > y) for some thresholdy is given by

p̂(y) =
1

n

n
∑

i=1

f(Xi)

g(Xi)
D(Yi) (3.10)

wheren is the total number of samples and

D(Yi) =











1, Yi > y

0, Yi ≤ y

.
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Figure 3.5: (a) For one VDD, its write margin is obtained by sweeping WL voltage until
Q and QB flip; When VDD=512mV, this cell has 0 write margin; (b) Using alternative dc
simulation setup, Q and QB cell nodes are unable to flip when VDD <512mV. Thereby we
can obtain the same VminW value from the two simulation methods.

Wheng(x) = f(x), (3.10) actually gives the standard Monte Carlo estimator.

For the application of SRAM, since VT variation has the biggest impact on cell stability,

we only modify the density of VT for each transistor and assume they are independent ran-

dom variablesXi, i ∈ [1, 6]. Originally, Xi is a random normal variableXi ∼ N(µi, σ
2
i ).

The key of IS is to choose a good sampling distribution that can efficiently generate rare

events. [30] suggested using a mixture of shifted and ratioed distributions. Recently,

[16] proposed to use a widened distribution. For simplicity, we choose the latter with

Xi ∼ N(µi, (βiσi)
2), βi=3.

An estimator of the empirical quantileξ for θ = P (Y ≤ ξ) is computed by [27] as:

ξ̂ = (max{y : p̂(y) > 1 − θ} + min{y : p̂(y) ≤ 1 − θ})/2. (3.11)
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Figure 3.6: Estimates of (a) Vmin and (b) cell failure probability for read/write/hold from
the theoretical models (3.8) and (2.5) (dashed curves) are compared with Monte Carlo
(circles for read, squares for write, and triangles for hold) and Importance Sampling (solid
curves).

3.5 Experiment Results

We now test our model with a commercial 6T SRAM cell in a 45nm technology. With-

out loss of generality, we choose zero noise margin (i.e.s = 0) as the cell failure threshold.

3.5.1 Vmin Estimation

Fig. 3.6(a) plots the Vmin quantiles against the quantiles of a theoretical standard nor-

mal variableX for read, write, and hold operation. For the point at the(x, y) coordinates

of the figure,P (Vmin ≤ y) = P (X ≤ x) = Φ(x). Since SRAM arrays usually have at

least 1,000 bitcells, we are only interested in the quantiles larger than the 99.9-th percentile,

which is the∼3σ point of a standard normal distribution. The results from the following

three methods are plotted for each operation.

1) The Vmin estimates from (3.8) are plotted as the dashed curves.



Chapter 3: Extended Statistical Method for SRAM Vmin and Yield Estimation 51

2) The Vmin estimates from 1-million Monte Carlo simulations with the methods de-

scribed in Section 3.4.1 are plotted with markers (circles for read, squares for write

and triangles for hold). With 1-million samples, the maximum quantile we can ob-

tain from MC is equivalent to the probability of the∼4.7σ point of standard normal

distribution.

3) The Vmin estimates from Importance Sampling are computedby (3.11) and plotted

as solid curves. 50,000 MC samples with the new sampling distribution are simu-

lated.

For tails within 4.7σ, the maximum error of the model and IS relative to the standard MC is

4.88% and 5.5% for each operation (seen Table.3.1). A relatively larger error occurs above

4.5σ. In fact, the MC result itself is less confident at this regionbecause of few occurrences

of the event. With more MC samples, the difference in this region might be even smaller.

For the region beyond 5σ, MC is too costly, but the model shows a good agreement with

IS. The consistency of the results from two independent methods increases the confidence

of their accuracy.

Table 3.1: The maximum Vmin error relative to standard MC

Read Write Hold

From model (3.8) 2.21% 4.88% 2.63%

From IS (3.11) 2.18% 2.51% 5.50%

With comparable accuracy, our model offers a huge speed-up relative to MC. For in-

stance, if we want to design a 1M-b SRAM with 99% yield, the cell failure probability

must be smaller than 1e-08 (5.612σ), i.e. 1 out of 100-million samples would fail. For a
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full MC method, this requires at least 100-million runs. Butour method only requires a

small number of MC runs (e.g. 1∼5k) for SNM at several typical VDD points (e.g. 5∼6) to

obtain the coefficients in (3.1). Thus the speed-up of our method relative to MC can be at

least 104×. Importance Sampling also gains a huge speed up over MC. However, using the

simple scaled sampling distribution with 50k samples, its variance for the tails beyond6σ

is still large. To reduce variance, we have to either run moresimulations with current sam-

pling distribution or choose a more proper one and rerun simulations for a particular tail

point. On the contrary, our method can estimate Vmin at any tail point (even> 8σ) with

the same∼30k (i.e. 5k×6) SNM samples. We can compute the radius of 95% confidence

interval of our model with the method described in Chapter 2.6. It remains<5.5% of the

mean of the estimates for all the operations across the tail region up to 8σ.

3.5.2 Yield Estimation

With (2.5), we can quickly estimate the cell failure probability at any new VDD. Fig. 3.6(b)

plots the estimated cell failure probability from three methods for different operations. The

results from our model show a good agreement with both Monte Carlo and Importance

Sampling. With comparable accuracy, our method offers a significant acceleration for pre-

dicting the trend of the cell yield/failure probability across the whole VDD range, which

provides useful information for SRAM designers.

First, the designer can quickly tell that the yield of this cell is more limited by read

operation. This can guide the designer to improve read stability in the early design phase.

Fig. 3.6(b) also informs the designer that the gap between read failure probability (Prf )

and write failure probability (Pwf ) varies with the operation voltage. For VDD>880mV,
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Pwf is at least 2 orders of magnitude smaller thanPrf . Thus, it is safe to only enable a read

assist technique but to disable the write assist technique for saving extra power/performance

overheads from write assist. When VDD∈[650,800]mV, both the read and write operation

are likely to fail at a moderate rate (¡1e-4). Thereby, we should turn on both the read and

write assist features. However, when VDD<650mV, bothPrf andPwf are higher than 1e-4,

which requires more effort to assist these operations. So either more voltage bias should

be applied in the assist methods or other redundancy and/or repair techniques such as ECC

and row/column replacement should be activated.

Overall, a quick and accurate estimation of the cell failureprobability across all the

possible operational voltage region can help designers findthe best solution to improve

yield but with the minimum cost in a shorter time.



Chapter 4

Canary-based Adaptive System for

SRAM Standby Vmin Minimization

4.1 Motivation

With technology scaling, the leakage power consumed by transistors grows dramati-

cally and becomes the most important challenge for many applications in both active and

standby mode. For battery-constrained devices, the reduction of standby leakage power

is especially important for longer battery life. Since SRAM/Cache is the largest compo-

nent in many digital systems or SOCs, its leakage power during standby mode usually

dominates the overall standby leakage power. Therefore, itis important to reduce SRAM

standby leakage power. One of the most effective leakage reduction techniques is the scal-

ing of supply voltage (VDD). All the leakage current components, including sub-threshold

leakage current, gate leakage, and junction leakage current, decrease dramatically with a

smaller VDD. Leakage power decreases even more rapidly due to the reduction of both VDD

54
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Figure 4.1: DRV distribution of a 5Kb SRAM array with global PVT variations and local
variations. Three PVT cases (typical, best-case, and worst-case) are shown.

and leakage current. However, the minimum VDD for the cell to preserve its data is limited

by the data retention voltage (DRV). As discussed in Cahpter2, local variation spreads the

DRV of the cells across the chip. To preserve all the data in SRAM, V DD must be above

the standby Vmin, i.e. DRV of the worst cell within the SRAM array. In this chapter, we

further discuss the impact of global variation on standby Vmin.

Global variations include the manufacture related processvariations, voltage supply

fluctuations, and temperature changes (i.e. PVT variations). We assume the temperature

range is [0◦C, 105◦C] and the voltage fluctuation range is [-25mV, 25mV]. Fig. 4.1 shows

the DRV histogram of a 5-Kb SRAM array at three PVT cases: typical, best-case, and

worst-case. The typical case is at the TT (typical-N and typical-P) process corner, 25◦C

and 0 voltage fluctuation; the best case for the technology weuse is at the SS (Slow-N and

slow-P) process corner, 0◦C, and 25mV voltage fluctuation; the worst case happens at the
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FS (Fast-N and slow-P) process corner, 105◦C, and -25mV voltage fluctuation. Under one

PVT scenario, local variations spread the DRV of the cells, and the tail of the distribution

(marked with circle) determines the standby Vmin for this global condition. In contrast,

global variations predominantly move the entire DRV distribution around, so the tail point,

i.e. the standby Vmin, also shifts with global effects. For this 90nm node, the worst-case

Vmin (Vminwc) is about 100mV and 140mV higher than the typical case Vmin (Vmintyp)

and the best-case Vmin (Vminbc). For more advanced nodes, the variability of global effects

might increase and result in a larger difference between Vminwc and Vmintyp/Vminbc. To

ensure data safety under all the conditions, we must addressthis Vmin variability.

The most straightforward way to tolerate all the variationsis the worst-case based open-

loop approach. The designer selects a standby VDD based on the worst case of the DRV

under all the variations at design time and even adds an extramargin for more protection

of the data in the cells. For instance, authors of the drowsy cache set the standby VDD

50% higher than the threshold voltage despite the fact that the actual DRV can often be

much smaller [5]. A processor with a drowsy mode is also implemented by collapsing the

supply voltage well above the value that is required to upsetthe logic states during standby

mode [6]. Although this worst-case open-loop approach is quite robust, it can relinquish

substantial power savings because the full range of potential DRVs can be quite large when

accounting for the worst case. The worst-case based approach wastes more power con-

sumption under better scenarios as the variability increases with technology scaling.

Another way to address the Vmin variability is to reduce the range of the Vmin spread.

The spread of DRV due to local variations can be reduced by optimizing the bitcell sizing.

For example, using the longer length for the bitcell transistors can reduce the variation of
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the threshold voltage due to the random dopant fluctuations [8]. Adaptive body biasing

can reduce the Vmin differences cuased by process variations among dies. With the aid

of redundancy and error correction techniques, Vmin can be further reduced to below the

worst cell DRV [9]. However, these methods produce overheadcost and may degrade other

important functional metrics. Even after attempts to reduce DRV variation, the open-loop

worst-case approach can still over-protect the non-worst-cases and limit power savings,

especially under large environmental changes.

A more effective way to combat both physical and environmental variations is the adap-

tive approach, which adjusts circuits with the varying conditions. To save leakage power

while maintaining data during standby, diode clamping based scheme is first proposed [48].

The cell bias is clamped at (VDD-Vt). To enable more leakage power savings under process

variation, [72] proposes to add a controllable resistor to dynamically control the clamped

cell bias according to the measured leakage. Similarly, in [76], programmable bias tran-

sistors are used to tune the cell bias to compensate process skews. However, these passive

methods have to add margins for the worst environmental and aging condition, which di-

minishes leakage power savings. voltage generator are proposed to improve PVT variation

tolerance in standby operation [25, 32]. The reference voltage is programmed based on

the actual standby Vmin under process variation and designed to insensitive to PVT con-

ditions. Although this can effectively tolerate process and voltage fluctuation, it can not

track the impact of temperature change on standby Vmin. SRAMdata retention voltage

actually increases with temperature. A fixed standby Vmin will either diminish the po-

tential leakage power saving or decrease yield. Another adaptive method is to use replica

circuits. [59] propose to use replica cell which consists oftwo serial replicas of pull-up
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transistor in parallel with two serial replicas of pull-down transistor to control the cell bias.

To compensate VT variation, multiple replica cells are implemented in parallel. However,

it is inaccurate to simply assume that the maximum data retention voltage is 2VT because

the true data retention voltage is determined by the mismatch between the strength of the

two inverters. In fact, when VT is lower, larger cell bias is needed to retain data. One the

contrary, when VT is higher, smaller cell bias can retain data. Therefore, a scheme that can

truly immune to all the process variation and environmentalchanges while maintaining the

lowest acceptable yield is desired to achieve the maximum power reduction.

In this chapter, we propose a closed-loop VDD scaling approach based on canary repli-

cas, which allows aggressive power savings by tracking the impact of PVT variations on

DRV. The remainder of the chapter is organized as follows. Wefirst present the principle

of the system. Then we describe the details of the major components, the adaptive reaction,

and the overhead sources. Finally, we present the measurement results from the 90nm test

chip.

4.2 Canary Adaptive System

I propose a feedback system that can lower VDD for aggressive leakage power savings

while protecting data by keeping VDD above the data retention voltage (DRV) of the SRAM

cells. Figure 4.2(a) shows the basic architecture of the system. A voltage regulator supplies

VDD to the core cells and to the canary replicas. When entering the standby mode, the

controller starts lowering VDD. Several banks of canary cells are designed to fail across a

range of voltages above the actual DRV of the tail of the core bitcells. Canary cell failures

are monitored by the online failure detector. If a failure isdetected, then the controller raises
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Figure 4.2: (a)Architecture of the canary-based feedback loop for SRAM standby VDD

scaling and (b) Mechanism of the canary scheme.

VDD to the last working value, resets the failed canary cells, and continues to monitor.

The big advantage of this feedback scheme will be the improvement of power sav-

ings. The online monitoring provided by the canary cells cantrack any global variations

or environmental changes because they are affected by thesechanges in the same ways

that the core cells are affected. Under PVT variations, the failure voltage of the canary

replica changes by the same amount as the typical SRAM cell. Using feedback based on

the canary failures, VDD can be adjusted to approach the real SRAM failure point for the

current scenario. Therefore, we can effectively remove theneed to guard for the worst-case

scenario and achieve more power savings for non-worst-casescenarios.

In addition, we have proposed a canary cell bank structure with a programmable fail-

ure threshold for trading-off SRAM data reliability with power savings. Figure. 4.2(b)

illustrates the basic mechanism that provides this tradeoff. The canary cell bank contains

multiple (n) canary sets, which fail at a regular intervals above the average DRV of the core
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cells and maintain this behavior despite changes in global variations and environmental

conditions so that VDD can adjust with those changes. Local variation smears the distribu-

tion of canary DRVs in each set, but the canary distributionsare not good indicators of the

core cell distribution because there are too few canary cells. We will emphasize that the

purpose of the canary categories is not to estimate the full distribution of the core SRAM

cells, but instead to sense the proximity of the currently applied VDD to the DRV of the

average SRAM cell. To assess the proximity of failure to the tail of the distribution, we

must model or measure that tail and relate its location to thecanary behavior, as we will

discuss in Section III. Providing a continuum of canary failures at voltages above the DRV

of the average core bitcell allows the designer to set and to alter the tradeoff between stor-

age reliability and power. This architecture allows for a variety of power-saving policies,

and we provide a simple one as an example. Consider a handhelddevice holding video

data during standby. When power saving is the major concern and losing a few bits of this

data is acceptable (e.g. when using an ECC method), a failurethreshold may be quite near

(or below) the real tail of SRAM array-wide DRV. When the application changes and data

are more important, the failure threshold can be reset to a higher value. This makes the

controller raise VDD until meeting the new failure threshold to provide a larger margin of

protection above the array-wide DRV.
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Figure 4.3: (a) Canary cell ‘1’ schematic. (b) Canary cell ‘0’ schematic.

4.3 Major Components

4.3.1 Canary Cell and Canary Bank

The canary cell is the most important component in our system. It must duplicate the

impact of global changes on the core SRAM cell stability. Also, the canary cell must

fail before the SRAM cells to prevent the loss of data in SRAM.Although local variation

widens the distribution of canary DRVs, the canary distribution is not a good indicator of

the SRAM cell distribution because there are too few canary cells. Therefore, we must use

a design that makes it more sensitive to VDD than it would be simply due to the impact

of local variation. We proposed the circuit in Figure 4.3(a)and (b) as canary cells to hold

‘1’ and ‘0’, respectively [63]. The canary cell ‘0’/‘1’ contains the same 6T transistors

(M1∼M6) as any SRAM cell. Q and QB are the internal storage nodes. To enhance the

write capability at sub-threshold supply voltages (e.g. for canary reset), another PMOS

pass transistor (M7) is added to the side of the cell that stores a ‘1’. The input signal, W,
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and its inversion, WB, act as the bitlines and wordline for writing data to the cells during a

reset. When W is high, the canary cell resets its data; when itis low, the canary cell enters

the standby mode. A PMOS header (M8) is inserted between the supply voltage of the

canary cell and VDD, and another input signal VCTRL drives its gate.

These small circuit modifications contribute to a higher DRV(failure voltage) for ca-

nary cell. First, the reset circuit that writes the cell applies the worstcase vector to the bit-

lines during hold. For example, the canary cell ‘1 (Figure 4.3(a)) has nodes Q and WB at

‘1 while QB and W remain ‘0 during standby. This creates the worst-case leakage through

the access transistors to encourage the cell to flip, increasing the mean of DRV by 10.65%.

A more efficient way to change the canary DRV is to tune the strength of the PMOS header.

A larger VCTRL value increases the resistance of the header,and the actual supply voltage

of the canary cell, VVDD, drops lower than VDD. This powerful knob essentially moves

the mean of the DRV distribution for each canary cell across awide range (as desired in

Figure 4.2(b)). Figure 4.4 shows the simulated DRV of the nominal canary cell vs. VC-

TRL relative to the core cell DRV distribution. It is clear that the control of the header
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allows us to provide the desired continuum of failure voltages for the canary cells. It also

illustrates the approximately linear relationship between the canary DRV and VCTRL, so

canary DRVs can be placed at regular intervals above the coreDRV using evenly spaced

VCTRLs.

Usually one cell can store either state ‘0’ and state ‘1’. Dueto device mismatch, one

state becomes more stable than the other. But it is uncertainwhich state is more stable

because of some random sources of device mismatch. Thus it ispossible that the canary

cell happens to be written with the more stable state and thenwill never flip. To solve

this data dependency, we first simply use the redundancy technique. We group one canary

cell ‘0’ and one canary cell ‘1’ into one canary set, and perform the OR operation to set

the failure status of the canary set when either canary cell ‘0’ or canary cell ‘1’ fails. This

redundancy approach is easy to implement, but there is the drawback limiting its efficiency,

which we will discuss more in Chapter 5.1.

Different canary categories are organized in the bank structure as shown in Figure 4.5.

The canary bank contains multiple sets (rows) of canary cells (e.g. 1-cell/row), and each

set shares a distinct VCTRL values. A programmable failure threshold allows a range of

policies for trading off power and reliability. We employ 3-way redundancy of the banks

with majority-3 gates to screen out abnormalities caused byrogue cells with large variation.

The VCTRL values are set off-chip or by an on-chip resistor ladder that generates evenly

spaced VCTRL values between the voltage rails.
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4.3.2 Failure Detector and Canary Controller

Without a robust failure detector and a good controller, thefeedback system can not

successfully adjust VDD even if the canary cells properly send out a failure alarm. There-

fore, both the failure detector and the controller are critical components for our feedback

system.

Figure 4.6(a) shows the proposed circuit and structure for these components. Each

canary cell connects to its own failure detector through thestorage nodes Q and QB. Once

Q and QB flip or converge to a single value, the detector shouldbe able to capture that and

assert the output ‘Fail’ signal. Since the flipping failure is the major concern for the canary

cell due to the asymmetrical bitlines, we propose a static sense-amplifier as the failure

detector. It shares VDD with the canary cell. The inputs to the differential pair MN1and

MN2 come directly from the canary cell. For the canary cell ‘1’ (Figure 4.3(a)), Q connects

to MN1 in this example; for the canary cell ‘0’ (Figure 4.3(b)), QB should connect to MN1

instead.
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0.37V.

For simple illustration, only a single canary cell and its failure detector is shown here

to connect with the controller. In fact, the failure signalsfrom all the canary cells will be

processed in order to generate a final ’Fail’ signal for the controller. Since we actually

employ 3-way redundancy in the banks of canaries in our test chip to reduce the impact

of local variation on canary cells, the failure signals fromthe redundancy banks first go

through the majority-3 gates to screen out abnormalities caused by rogue cells with large

variations. Then the failure signals from canary bank ‘0’ and canary bank ‘1’ combine

through the OR gates before comparing with the failure threshold. The failure threshold is

a 8-bit value preloaded before operation. If the generated failures are larger than the failure

threshold, a final failure signal will be asserted and sent tothe controller. This is the signal

that causes the controller to raise VDD slightly and reset the canary cells.
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Figure 4.6(a) also illustrates the state transistions in the controller that we implemented

on the 90nm test chip. There are four states: idle, cellHold,cellFlip and cellReset. The

controller receives ‘Fail’ signal from the failure detector, and sends out the two control

signals ‘lowerVDD’ and ‘raiseVDD’ to the regulator and ‘W’ signal to the canary cell for

resetting.

Figure 4.6(b) gives the timing diagram that shows how the states transfer for canary cell

‘1’ with a 0.3V VCTRL value. When VDD is 0.37V, Q and QB hold their original value.

After we assert the enable signal ‘EN’, the failure detectorevaluates Q and QB, and then

‘Fail’ goes to zero, which makes the controller change from the ‘idle’ state to the ‘cellHold’

state, and the signal ‘lowerVDD’ rises up to inform the voltage regulator to decrease VDD

by one step of 0.01V (for example). Once VDD is lowered to 0.36V, Q and QB flip to the

opposite value, and hence ‘Fail’ rises up and the ‘cellFlip’state becomes valid. This state

asserts ‘raiseVDD’ to make the regulator increase VDD by one step and thus go back to

the previous value 0.37V, which is actually the DRV of this canary cell. After VDD has

raised up to 0.37V, ‘EN’ goes low to disable the failure detector and the controller enters

the ‘cellReset’ state, which asserts the ‘W’ signal to writethe original values into Q and

QB.

Both the failure detector and the contoller have been implimented in our test chip and

measured to function correctly at low VDD.

4.4 Adaptive Reaction to Environment

In this section, we extend our previous work by taking a detailed look at the ability of

the canary cells to track the impact of global effects on the core SRAM cells. We present a
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new analytical model that maps the VCTRL voltage to the DRV ofthe canary cells.

4.4.1 PVT Variation Tracking

One of the most important traits of the canary cell is its ability to track global PVT ef-

fects on the core SRAM cells. Without this characteristic, the feedback system cannot react

properly under global stimuli. So it is necessary to examinethe canaries under different

PVT variations.

Figure 4.7(a) and (b) show simulated results that compare the canary behavior with

an SRAM array across temperature changes and global processcorners, respectively. We

used a 1-Kb SRAM as an example. In this figure, the curve with circles stands for the

worst DRV of the 1-Kb SRAM, and the curves with triangles stand for different canary sets

(the upper ones are the sets with higher VCTRL). The upper 7 canary sets consistently fail

before the SRAM at all the temperatures and all the process corners with the only exception
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of the SF (Slow-N Fast-P) corner. This indicates that the canaries will successfully track

global effects on the SRAM array. The one exception occurs because our technology is

a strong-NMOS process (e.g. NMOS is noticably stronger thanPMOS in sub-threshold).

At the SF corner, the impact of the global process variation becomes too weak compared

with the local variations, so the whole SRAM DRV distribution (or tail) is not strongly

influenced by this process variation for the canary set designed to fail closest to the core

cells. If temperature gradients are a concern, then canary cells can be dispersed at different

locations in a core array. If voltage fluctuation occurs, theDRV of core cells and canary

cells will increase/decrease by the same amount because they are sharing the same power

supply. Therefore, the canary cells are able to track PVT variations.

4.4.2 Models for Adaptive Setting

Previously we have mentioned that our feedback scheme has the flexibility to trade off

SRAM reliability with leakage power savings. This ability is dependent on the appropriate

setting of the canary cells and failure threshold for a givenSRAM for a required con-

straint on either relibility or power consumption. To make these settings more quickly and

precisely, here we present two models to estimate SRAM DRV and canary DRV, and we

integrate them into a final model that can directly compute the necessary canary VCTRL

values to provide a desired level of SRAM reliability.

We have previously proposed the CDF and inverse CDF models for an SRAM DRV

distribution in [65]. Equation (4.1) is the inverse CDF model of DRV:

FDRV
−1(x) =

1

k

[√
2σ0 · erfc−1

(

2 − 2
√

x
)

− µ0

]

+ V0. (4.1)

wherex is the probability thatDRV < FDRV
−1(x), k is the slope of SNM High (SNM
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for holding ‘0’) versus VDD, µ0 andσ0 are the mean and standard deviation of SNM High

at VDD = V0, anderfc−1(·) is the inverse complementary error function.k, µ0 andσ0

are fitting coefficients;k can be extracted from a DC sweep simulation andµ0 and σ0

can be extracted from a small-scale (1.5K-5K) Monte-Carlo simulation. This model has

shown a high accuracy in comparison with Monte-Carlo simulation out to 6σ as well as in

comparison with the Statistical Blockade tool [57] beyond 6σ, which uses a fast Monte-

Carlo method to filter the tail samples and fit them to a Generalized Pareto Distribution

(GPD) model.

In this paper, we present a new model to estimate the canary DRV. As observed in

Figure 4.4, the canary DRV changes approximately linearly with VCTRL. This linear de-

pendency can be modeled by analyzing the current through thePMOS header M8 (in Fig-

ure 4.3(a)). Let us assume the minimum current to hold the canary cell data isImin, which

occurs when the actual supply voltage of the canary cell, VVDD, is equal to the cell DRV.

Because the cell operates in the sub-threshold region during the data retention mode, M8

will also operate in the sub-threshold region. So the leakage current through M8,I8, is

I8 = I0·exp

[

VDD − V CTRL − VT8 + η8(VDD − DRV )

n8Vth

] [

1 − exp

(−VDD + DRV

Vth

)]

.

(4.2)

whereVT8 is M8’s threshold voltage,η8 is its DIBL coefficient,n8 is its subthreshold swing

factor,Vth is the thermal voltage, andI0 is the off current.I8 is also equal toI2 + I4, where

I2/I4 is the leakage current through M2/M4. For a given canary cell, we assume that the

DRV remains the same no matter what VCTRL is. This is reasonable because M1∼M7 are

not changed. Therefore,I2 andI4 keep constant and so doesI8. If we define that constant
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asIC , (4.2) can be written as

exp

[

(1 + η8)VDD − V CTRL

n8Vth

] [

1 − exp

(−VDD + DRV

Vth

)]

=
IC

I0

exp

(

VT8 + η8DRV

n8Vth

)

.

(4.3)

Since the right hand of (4.3) are all constant values, we can simply replace them with a

constantK. Furthermore, when VDD is much larger than the DRV, we can ignore the roll-

off term. So finally, we can derive that:

VDD =
V CTRL + n8Vthln(K)

1 + η8
=

V CTRL

1 + η8
+ b. (4.4)

which verifies the linear relationship between the canary DRV and VCTRL and implies

that the slope is about1/(1 + η8). With an initial pair ofV CTRL0 andVDD0, we can

obtain the offset valueb. Figure 4.8 compares the canary DRV values from (4.4) with the

simulated results. This first-order linear model provides agood approximation for most

VCTRL values. However, when VCTRL is less than 100mV, the model is less accurate

because VDD is near the actual cell DRV, and the rolling-off term cannot be ignored, in

which case (4.3) is a more accurate equation.



Chapter 4: Canary-based Adaptive System for SRAM Standby Vmin Minimization 71

3 4 5 6 7 8
60

80

100

120

140

160

180

200

(5.2σ, 120mV)

Allowed to fail

Should NOT fail

V
C

T
R

L 
(m

V
)

         P(DRV
core

 < DRV
canary

) (in σ for standard normal 
distribution that would have the same cumulative probability)

Figure 4.9: Estimated VCTRL value vs. the probability that DRVcore<DRVcanary (in σ).
Failure threshold (the vertical line) is set according to the reliability constraint, e.g. 5.2σ.
Only the canary sets on the right side of the failure threshold (the upper 5 sets here) are
allowed to fail.

Now combining (4.1) and (4.4), we can estimate the VCTRL value necessary to satisfy

a given SRAM reliability constraint with (4.5):

V CTRL =
1 + η8

k

[√
2σ0 · erfc−1

(

2 − 2
√

x
)

− µ0

]

+ (V0 − b) · (1 + η8). (4.5)

wherex is the probability that SRAM DRV (DRVcore) is less than the canary DRV (DRVcanary)

with the desired VCTRL value, and all the other parameters are the same as in (4.1) and

(4.4). Figure 4.9 shows the estimated VCTRL values from (4.5) with the solid curve. In

this figure, the probability is expressed byσ, which is the equivalent point for a standard

normal distribution that would have the same cumulative probability. For example, if 5.2σ

probability is required (for a fault-free 10-Mb SRAM), VCTRL is about 120mV. This im-

plies that canary cells with VCTRL larger than 120mV have an even higher probability of

failing before all of the core cells. Now with the required SRAM reliability constraint, we

can set an appropriate canary failure threshold. As in the example in Figure 4.9, if at least
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5.2σ reliability is needed, we can consider the vertical line at 5.2σ as the failure threshold

and select the point (5.2σ, 120mV) as one of the canary sets. Then we can pick the other 7

points along the solid curve for the remaining canary sets sothat the entire possible SRAM

data reliability range can be covered. Here, we selected 5 points with VCTRL higher than

120mV and 2 lower ones as an example. This configuration meansthat the feedback loop

will allow only the upper 5 rows of canary sets (corresponding to the upper 5 points) to fail.

We can know the approximate reliability of the core SRAM cells by observing the failure

status of the canary sets. If the application changes and needs a higher reliability, we can

reset the failure threshold for the current canary configuration or even reconfigure all of the

canary sets (by remapping VCTRLs) for better results.

4.5 Overhead Analysis

Thus far, we have analyzed the benefits of using canary-basedVDD scaling without

accounting for overhead. In this section, we quantify the impact sources of overhead on the

potential savings achievable by our scheme.

4.5.1 Canary Circuit Overhead

Our test chip has shown only about 0.6% area overhead due to the canary circuits. We

can expect even smaller area overhead for systems with larger memory blocks.

The canary power overhead includes the power of canary array(48-b canary cell) and

peripheral (including all the failure detectors, controller, and other components) circuits.

The dynamic power of the canary circuits is small relative totheir leakage power since
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Figure 4.10: Leakage power consumption of SRAM array with different size as well as
canary power overhead at typical PVT scenario.

the canary system works at a very low frequency. We can thus consider the total overhead

power to equal the leakage power of the canary circuits. Figure 4.10 shows the leakage

power of differently sized SRAM macros as well as the simulated canary circuit leakage

power for the average (typical) PVT scenario. To account forlocal variation impact on

the SRAM array, Monte-Carlo simulation with mismatch can beused. However, for big

arrays, running M-C simulation is too expensive. We use an alternative fast way that obtains

SRAM leakage power from the statistic of the cell leakage current. We getIcell, the mean

of the cell leakage current distribution, from a 5000-iteration Monte-Carlo simulation. The

leakage current of a N-bit memory can be approximated as a normal random variable with

the mean of NIcell by applying the Central Limit Theorem. In Figure 4.10, each solid curve

denotes the average leakage power of the corresponding SRAMmacro. The circle point

on the curve denotes the DRV tail of this SRAM macro at typicalPVT scenario, while the

cross point denotes the open-loop Vmin ‘Vmin-ol’ (i.e. VDD when the worst-case PVT

scenario has a 50mV SNM margin) for this SRAM macro. Both the DRV and Vmin-ol
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values are obtained from our DRV inverse CDF model (4.1). With an SRAM larger than

64-Kb, the power overhead of all of the canary circuits is at least 2 orders of magnitude

smaller than SRAM leakage power, so it is negligible.

Figure 4.11 shows the power reduction achieved by the canaryapproach relative to the

open-loop approach for different SRAM macro sizes for the typical PVT scenario. For

each SRAM size, the canary approach uses the DRV value in Figure 4.10 as the standby

VDD. While the open-loop approach uses the Vmin-ol value in Figure 4.10 as the standby

VDD. Without considering the canary overhead, the smallest SRAM has the largest saving

because it is possible to lower VDD farther using feedback due to the lower DRV. How-

ever, accounting for the canary overhead shows that the effective savings with the smallest

SRAM are reduced. It should be noted that all the SRAMs up to 1-Gb have more than

4× of power reduction compared with the open-loop approach. Itindicates that our canary

scheme is efficient for any size of SRAM in terms of leakage power reduction, even when

accounting for canary overhead power.
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4.5.2 DC-DC Converter Overhead

Our canary-based VDD scaling approach requires a DC-DC converter that can provide

a standby supply voltage across a fairly large range of values. Since this low, variable

voltage is only supplied during standby, the load current may be relatively low. The DC-

DC regulator may be on-chip or off-chip, but either way, we need to account for the impact

of its effeciency on the overall power savings from using ourapproach. [53] has described

a switched DC-DC converter that can deliver load voltages ranging from 0.3V to 1.1V.

That particular converter provided>70% efficiency over a wide range above 0.45V. The

minimum efficiency remained larger than 55%. This convertershows the sort of efficiencies

that we might expect to see in this space. The recent interestin low voltage operation

is leading to further investigation of regulators with higher efficiencies that are tailored

specifically to low supply voltages.

Figure 4.12 shows the leakage power reduction factor for a 1-Kb SRAM by using our

canary approach relative to using the nominal VDD when accounting for a range of DC-

DC converter efficiencies. The power reduction achieved by using the open-loop VDD

scaling approach is also shown. Best-case (b-c), typical (typ) and worst-case (w-c) PVT

global scenarios for each approach are simulated. The open-loop approach uses the Vmin-

ol value as shown in Figure 4.10 so that the worst PVT scenariocan have a guard-band

of 50mV SNM margin. The canary approach can apply VDD down to the actual DRV

of the given PVT global corner without losing data, so additional power savings can be

achieved. However, when accounting for a non-ideal DC-DC efficiency, the actual power

of both the canary approach and the open-loop approach will increase due to the overhead

of the DC-DC converter. Under a given DC-DC efficiency, the power reduction factor



Chapter 4: Canary-based Adaptive System for SRAM Standby Vmin Minimization 76

30% 40% 50% 60% 70% 80% 90% 100%
10

0

10
1

10
2

10
3

DC-DC Converter Efficiency

Le
ak

ag
e 

P
ow

er
 R

ed
uc

tio
n 

F
ac

to
r

b-c PVT w/ canary

typ PVT w/ canary

w-c PVT w/ canary

(b-c, typ, w-c) PVT w/ open-loop

Figure 4.12: Power reduction of 1-Kb SRAM using canary or open-loopVDD scaling when
DC-DC converter efficiency is considered. Power reduction is relative to the power con-
sumed at the nominalVDD (1.0V). Best-case (b-c), typical (typ), and worst-case (w-c) PVT
scenarios for each approach are shown.

is the ratio between the power consumed without VDD scaling (i.e. VDD=1.0V) and the

actual power consumed with VDD scaling. When the converter efficiency is only 30%, the

canary approach gains∼50× and∼14× of power reduction while the open-loop approach

gains∼3× and∼2× of reduction at the best-case and typical PVT scenario, respectively.

Therefore, even when using a non-ideal DC-DC converter, it is obvious that VDD scaling

(by either open-loop or our canary approach) can bring substantial power reduction. In

addition, for both the typical and the best-case PVT scenario, the power reduction from the

canary approach with 30% converter efficiency is still higher than that from the open-loop

approach with an ideal converter (100% efficiency), which demonstrates that our canary

approach can effectively achieve extra power savings over the open-loop approach even

under the condition of using a less-efficient converter.



Chapter 4: Canary-based Adaptive System for SRAM Standby Vmin Minimization 77

Figure 4.13: 90nm chip die photograph.

4.6 90nm Test Chip Implementation and Measurement

A 90nm CMOS bulk test chip implements all of the circuits thatwe have described ex-

cept the VDD regulator [63]. Figure 4.13 is the die photo of the chip. Figure 4.14(a) shows

the measured average DRV of canary cells versus VCTRL at roomtemperature. The ca-

nary cells exhibit the desired linear dependency on VCTRL. We also measured canary

DRV with VCTRL at different temperatures as shown in Figure 4.14(b), which demon-

strates that the canary cells successfully track temperature changes. In this paper, we will

present additional measured results from the 90nm test chip. Figure 4.15 is the measured

DRV histogram of one 8-Kb SRAM array and the measured DRV histogram of 5 canary

categories (with VCTRL values ranging from 0mV to 800mV witha step of 200mV). For

testing the DRV distribution of one canary category (e.g. Canary #3), we use a test mode

that sets all of the canary cells on the test chip to have the same VCTRL value (e.g. 400mV)

supplied by an external reference source. The measured SRAMarray DRV values range
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Figure 4.14: Measured average canary DRV vs. VCTRL at (a) room temperature and at (b)
different temperatures.

from 60mV to 350mV with a mean value of 112mV and a standard deviation of 22mV.

This wide distribution confirms the expected effects of local mismatch in the chip. Each

measured canary category has a relatively narrower spread compared with the SRAM cells,

and each one has a similar distribution. By applying different VCTRL values, we locate

the failure voltage of different canary categories across abroad range that starts within the

failure range of the core SRAM cells and extends to voltages well above the failure range of

the core. This measured result proves the feasibility of implementing the tradeoff between

SRAM reliability and leakage power, which was illustrated in Figure 4.2(b).

We also tested one closed-loop control method shown in Figure 4.16. A VCTRL gener-

ator (implemented as a resistor ladder) shares VDD with the SRAM core cells as well as the

canary cells. It consist of 8 indentical resistors so that 8 regularly spaced voltage reference

values can be generated. These nodes serve as the VCTRL signals and connect to the cor-

responding canary category (set). Hence in this test mode, the canary sets would fail in a
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sequence from set #7 to #0 as we continuously scale VDD. Figure 4.17 shows the measured

results using this method. Here, each column is one canary set and each row shows the sta-

tus of all the canary sets at one VDD point. The cross symbol means the canary set fails and

the circle symbol means it holds its data. For example, at VDD=0.6V, the upper 3 canary

sets (with higher VCTRL) have failed, but the lower 5 sets continue to successfully hold

their data. When further reducing VDD to 0.5V, the canary set #4 fails while the lower 4

sets keep holding their data. This figure demonstrates that lowering VDD encourages more

canary cells to fail, which then implies closer proximity tothe failure of the core SRAM

cells.

The measured leakage power of the SRAM array on one die with VDD scaling is shown

in Figure 4.18. Without losing generality, we can assume 0.7V to be the standby VDD

for the worst-case scenario among all the PVT variations. Then for the die with the DRV

tail at 0.35V under normal environmental conditions, our canary-based feedback approach
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can adjust VDD to this value and thus bring∼5× more power savings compared with the

conservative worst-case-based approach, and∼11× compared with using the nominal VDD.
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Chapter 5

Enhanced Canary System for 45nm and

Beyond

In this paper, we propose several enhancements for variation adaptation and self cali-

bration. To improve the canary cell, we propose to add dummy bitcells around the canary

cell so that it behaves more like an SRAM cell in the presence of variation. We also pro-

pose a new canary circuit which always tunes the cell to its less-stable state to avoid the

possibility that the canary cell would never fail because ithappens to hold its more-stable

value. We incorporate a builtin self-test (BIST) block to automate the calibration of the

worst SRAM data retention voltage (DRV) and the tuning of theinitial failure threshold for

adapting process variation. To further demonstrate the effectiveness of the canary system

for SRAMs in sub-45nm nodes, we implement the canary system on a 45nm bulk test chip.

The measurement results indicate that the addition of the dummy cells inside the canary

cell can effectively reduce the variation of the canary cellupon itself and thus improve

the accuracy of the tracking behavior. Finally, we show simulation results with predictive

82
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technology models beyond 45nm.

5.1 Canary Cell Improvement

5.1.1 New Canary Cell Structure

We first propose a new structure for the canary cell to improvethe correlation of global

effects on canary cells and SRAM cells. Figure 5.1 shows the proposed strucutre. Around

the actual functional bitcell, dummy bitcells are added to mimic the real physical environ-

ment of an SRAM cell. To reduce area cost, we use a 3×3 SRAM mini-array for each

canary. A failure detector monitors the active bitcell in the center. To ensure the canary

cell behaves more like SRAM cells in the presence of the global variations, we use the

same layout pattern as the real SRAM array except some minor changes on metal wires for
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pulling out the storage nodes of the central cell. The actualpower supply of the mini array

(VVDD) is connected with the PMOS header. As before, when we tune VCTRL to a higher

value, the PMOS header is partially turned on. Thus, to make the canary cell fail, a higher

VDD value must be applied so that the voltage of the VVDD node can be smaller than the

cell’s actual data retention voltage.

5.1.2 New Circuit for Canary Cell Reset

Issue

As shown in Figure 4.5, we previously combined two separate canary cells, one for

storing ‘0’ (‘cancell-0’) and the other for storing ‘1’ (‘cancell-1’), within one canary set

to account for the dependence of DRV on data pattern. Although this way is simple and

easy to implement, it has one drawback. Mismatch causes a cell to be much more stable

at one data value than the other, and it is uncertain which data value is more stable due to

randomness of local variation such as from dopant fluctuation. For one canary category, if

both ‘cancell-0’ and ‘cancell-1’ happen to be more stable atthe value that they are holding,

this canary category will never fail or fail at a very low supply voltage regardless of the

VCTRL value.

This can be better explained with the help of DRV. We denote DRV0 as the DRV for

holding a ‘0’ and DRV1 as the DRV for holding a ‘1’. Figure 5.2(a) shows the correlation

between DRV0 and DRV1 when both come from the same cell. 100 Monte-Carlo points are

simulated. Majority of samples have one DRV value near or equal to 0 and the other much

greater than 0 because device mismatch causes the cell to be unbalanced. Few samples

have two values close to each other because they are more balanced. Note that DRV0
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Figure 5.2: The correlation between DRV0 and DRV1 (a) when they come from the same
cell and (b) when the come from separate cells. 100 samples are shown.

and DRV1 never simultaneously equals to 0. Now if the DRV1 comes from a separate

cell, the correlation map between DRV0 and DRV1 changes to Figure 5.2(b).∼20% of

samples have both DRV0 and DRV1 near or equal to 0, which meansboth cells can always

hold their respective data. We observed this issue in our test chip. Although we can use

more redundancies of the canary sets to mitigate this issue,it degrades the accuracy of the

tracking performance as well as the area efficiency.

Solution

To eliminate this issue, we propose a new circuit shown in Figure 5.3(a). Besides the

mini-array in Figure 5.1 (simplified as a 6T bitcell for illustration here), the circuit includes

a latching voltage-mode sense amplifier (SA), a D-latch, andtwo MUXs. Figure 5.3(b)

shows the timing waveforms. There are three phases: the restoring, latching and writing

phase. In the restoring phase, ‘VCTRL’ first rises to a high value. This turns off the PMOS

header and leaves the actual power of the 6T cell (VVDD) floating. The floating VVDD

has to be below the cell’s DRV in order to reset the cell. So we use a boosted ‘VCTRL’
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(higher than VDD). After VCTRL returns back to 0, the storage nodes (q, qb) restore the

cell’s more-stable state (e.g. (0, 1) in Figure 5.3(b)). Then the latching phase starts with

the rise of ‘saen’, which enables the SA so the stable state can be passed to the SA outputs

(sao, saob). After some delay time, a pulse on the ‘lat’ signal allows the D-latch to capture

the inverted ‘sao’ value into its output ‘d’. So (d, db) are driven to the values of the cell’s

less-stable state (1, 0). ‘saen’ falls back to 0 at the end of the latching phase to disable SA.

In the last writing phase, ‘wr’ rises first so that the MUX can select the value of (d,db) for

the bitlines. Then a pulse of ‘wl’ writes the state (1, 0) intothe canary cell, with which the

canary cell could flip to the more-stable state at a relative higher DRV.

We also show the circuit for the failure detector in Figure 5.3(a). The failure detector

performs XOR on (d,db) and (sao,saob). Once their values differ, it implies the cell has

flipped and the ‘fail’ signal will be asserted. The restoringand latching phase only occur

once for the system’s entire operation (e.g. at start up). During the standby mode, when the

canary failures disagree with the failure threshold value,the standby VDD will be adjusted

to a new value and then the writing phase will occur again to reset the cell with its less-

stable state that is already stored in the D-latch. It shouldbe noted that the supply voltage

of the D-latch is directly connected with the VDD of the SRAM cells. Less local variation

occurs in D-latches with larger devices, so the D-latch can hold its data more reliably than

SRAM cells during standby operation.

5.2 BIST and Tune

The benefit of our canary system is mainly contributed to the PVT-independent failure

threshold, which determines the proximity of the applied VDD to the tail of the SRAM DRV
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as illustrated in Figure 4.2(b). The proximity implies the safety margin for VDD scaling.

No matter what PVT variation occurs, the predefined failure threshold ensures the same

amount of proximity (i.e. safety margin) can be maintained.The only thing we need to do

is to select an appropriate failure threshold according to the required power and reliability

constraints before operation. Although the failure threshold can change with application

requirements, there exists a boundary for the maximum powersavings and minimum data

stability. This boundary is actually determined by the closest proximity to the tail of the

SRAM DRV distribution. However, the boundary varies from die to die because the DRV

of SRAM cells as well as the DRV of the canary cells randomly spread due to the random

sources such as the dopant fluctuation. Therefore, we must perform calibration to find the

boundary of the failure threshold for each die. We propose toincorporate a built-in-self-test

(BIST) block to automate this calibration process. The tailof the SRAM DRV distribution,

Vmin, is first calibrated by the BIST. Then the boundary of thefailure threshold can be

found by applying that Vmin on the canary cells.

5.2.1 Calibrating SRAM DRV Tail

We first build a BIST to self-calibrate the tail of the SRAM DRV, i.e. the minimum

supply voltage for SRAM (Vmin) during standby.

Authors in [21] also presented a calibration method for utilizing the source biasing

approach. Source biasing raises cell source voltage (VSS) to reduce SRAM leakage current.

The highest VSS value that can be applied to an SRAM is also limited by the worst cell

stability. To find that value, they start with the nominal VSS value (the lowest one, i.e. 0)

and then increase VSS until the SRAM can not tolerate more cell failures. For the VDD
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scaling approach, we could also start with the nominal VDD value (the highest one) and

gradually decrease VDD to find the lowest VDD value for SRAM data retention. However,

with this searching method, a full scan of all the SRAM cells will be executed for each

iteration until the number of the failures exceeds the number of errors that can be tolerated.

For large SRAMs, one complete check of all the cells can cost alarge amount of time.

To save test time for big SRAMs, here we propose a faster searching method. Instead of

the typical searching direction, we use the opposite direction, i.e. from lower VDD values

to higher ones. For one iteration, now we can stop checking the remaining cells once the

number of failures exceeds the error tolerance limit. We canfurther accelerate the process

by choosing the start point closer to the simulated average value of the cell DRV instead of

0. Even though the average value estimated from simulation might not be quite accurate, it

should be safely smaller than the largest DRV value so we are able to find the Vmin point

during the upward searching.

Figure 5.4(a) shows the main steps of this upward searching method. The applied

standby voltage (VDDS) starts from an initial lower value, VDDS0 (e.g. the value nearest

to the average SRAM DRV value from simulation). For each VDDS, the BIST checks

hold failures for data ‘0’ and then data ‘1’. If both the checks complete successfully (i.e.

Holdsuccess=1), then the current VDDS is the minimum standby voltage, Vmin; otherwise,

the checking process is repeated after increasing VDDS by one step.

Row/column redundancy and ECC are conventionally used for reducing the yield loss

due to manufacturing defects and soft errors. For low standby power operation, they can

also be used to tolerate data-retention errors so that the minimum standby voltage can be

less than the worst DRV in the SRAM [52]. Here, we assume the number of redundant rows
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Figure 5.4: (a) Main flow for self-testing SRAM DRV tail in theupward searching manner
and (b) Flow for hold failure check.

is #RRD and the number of the correctable bits per row is #ECB.A small register file with

#RRD entries saves the row address bits of the replaced row. The detailed flow for checking

hold failures in the SRAM with redundancies is illustrated in Figure 5.4(b). First, in active

mode, the holding data value is written into each address. Then the SRAM enters standby

mode and maintains standby for a period of time ($Tsb). Afterthe standby operation, data

is read out and checked in active mode. A counter (CNT2) records the number of failed

bits within one row. If it is larger than #ECB, this row needs to be replaced. The BIST then

checks CNT1, which stores the number of used redundant rows.If it is less than #RRD,

then this row can be replaced and its row address bits will be saved in the register file.

Otherwise, the checking process is terminated with Holdsuccess=0. The checking process

ends with Holdsuccess=1 only if all of the rows have been checked before exhausting all

of the redundant rows.

It should be noted that the duration of the standby operation($Tsb) should be suffi-
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ciently long to ensure the occurrence of the worst static scenario. Figure 5.5 shows an

example of one SRAM cell in PTM 22nm. Its DRV first dynamicallygrows with the in-

crease of the standby time. This is because the cell can tolerate more dynamic noise as

logic circuits do [41] when the duration of the noise is shorter. Then after the standby time

exceeds a critical point, its DRV reaches the worst value, which actually equals to the value

from the static DC simulation.

Figure 5.6 shows the reduction of the test time by using the upward searching method

relative to the downward searching method when the Vmin of a 256K-b SRAM varies.

Note that for both upward and downward methods, the time consumed for one iteration

is mainly determined by the duration of the standby operation for a small or medium size

memory. While for a large memory with millions of cells, the time of each iteration is also

dependent on the speed of the read and write operation. A reduction of up to 12× can be

achieved with the proposed upward searching method. The downward searching method is

preferable only when the Vmin is much closer to the nominal VDD (≥0.75) because fewer

iterations are needed.
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Figure 5.6: Test time reduction by using upward searching method relative to the downward
searching method against the worst DRV of a 256K-b SRAM.

5.2.2 Calibrating Initial Failure Threshold

Simulation and measured results have shown that the DRV of the canary cell is approx-

imately linear with VCTRL value [63]. Hence, we can use a series of VCTRL values to

create a group of canary categories that fail at regular intervals across a wide range. A re-

sistor ladder withn distinct voltage nodes can generate the series of VCTRL values, which

connect to the corresponding canaries. The top of the resistor ladder connects to a reference

voltage VREF. So the VCTRL value of theith canary is

VCTRLi =
i

n
· VREF. (5.1)

During self-calibration, our BIST first finds the VDDS closest to the actual SRAM DRV

tail (Vmin), as discussed in Section 5.2.1. Then the BIST applies VDDS as the supply

voltage for canary circuit and measures the failure status of each canary category,FTmax.

Suppose we get

FTmax = [f0f1 · · ·fk−1fkfk+1 · · ·fn−2fn−1]

= [00 · · ·011 · · ·11]. (5.2)
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Here,fi means the failure status of theith canary; whenfi=1, this canary fails. So the

kth canary is the one that fails immediately before the worst SRAM cell. This FTmax

value will be recorded (e.g., with a programmable fuse or other non-volatile memory).

In normal operation mode, the user first loadsFTmax, and then programs an appropriate

failure threshold value according to the application needs. We denoteFTmax >> j as

the value after right shiftingFTmax by j bits. For aggressive power saving, the failure

threshold register should be configured asFTmax >> 1; while for more robust VDD scaling,

FTmax >> j with j > 1 should be used to tradeoff less power saving with higher data

reliability. It should be noted that the granularity of the tunability of our canary system is

dependent on the grid of the VCTRL values and the resolution of the voltage regulator.

5.3 45nm Test Chip Implementation & Measurement

To verify the effectiveness of our scheme in sub-45nm technologies, we implemented

the canary circuits in a bulk 45nm test chip. A die photo is shown in Figure 5.7. We put two

canary blocks on the die. Each block has 8 canary sets and employs 3-way redundancy for

each set. The only difference between the two blocks is the canary cell structure. The first

block uses the original canary cell without the dummy cells.On the contrary, the second

one uses the improved canary cell with the dummy cells as shown in Figure 5.1. Figure 5.8

shows that the measured canary cell DRV from the 45nm test chip keeps excellent linearity

with VCTRL values except for the smaller VCTRL values, whichis consistent with our

previous measurement result in 90nm. The non-linearity in the range of VCTRL less than

100mV is due to the rolling off term in the sub-threshold current equation [62]. The slope

of the curve can be approximated to1/(1+η), whereη is the DIBL coefficient of the header
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Figure 5.7: 45nm test chip die photo.
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Figure 5.8: Measured average canary DRV vs. VCTRL from this 45nm chip and the previ-
ous 90nm chip.

PMOS [62]. Becauseη increases with technology scaling, the slope of the 45nm curve is

slightly smaller than that of the 90nm curve. This implies that the 45nm design needs a

larger adjustment of the VCTRL value for the same amount of canary DRV change as for

a 90nm design.

Figure 5.9 shows the comparison results between the canary block with and without

dummy cells. 85 dies on one wafer are measured. For each die, the VCTRL value of each
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Figure 5.9: Comparison between the canary blocks with and without dummy cells: (a)
measured within-die canary DRV variation (average of 85 dies) for each canary set that
contains 3 redundancies and (b) measured die-2-die canary DRV variation for each canary
set after using majority-3 voting. With dummy cells, both with-in-die and die-2-die varia-
tions are reduced.

canary set is generated by an on-die resistor ladder. The canary set with the higher index

number connects to a higher VCTRL value. The variation of thecanary DRV is computed

as the ratio of the sigma (σ) to the mean (µ). A smaller ratio value means less variation

occurred on the canary. We first compared the within-die variation, i.e. the variation of

the 3 redundancies for each canary set on each die. The average result from 85 dies is

plotted in Figure 5.9(a). It shows that the block with the dummy cells has fewer within-

die variations, especially for the canary set #8 that is configured to have the largest DRV.

We also compared the die-to-die variation. In this case, thecanary DRV value of each

die is obtained through the majority-3 voting among the redundancies on the same die.

Figure 5.9(b) shows that the block with dummy cells also has less die-to-die variations.

Therefore, the use of dummy cells inside the canary cell can effectively reduce both with-

in-die and die-to-die variations of the canary cell.
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Figure 5.10: 5-Kb SRAM DRV distribution (left axis) and canary DRV vs. VCTRL (right
axis) under PTM 65∼32nm nodes.

5.4 Scaling Beyond 45nm

Using Predictive Technology Models (PTMs) for 65nm, 45nm, 32nm and 22nm nodes

[10] [43], we investigated the scaling of the canary DRV as well as the SRAM DRV for

more advanced technologies. The SRAM cell transistor has the length of Lmin and a

width of 2*Lmin (Lmin is the minimum length for the technology). The canary cell header

transistor has the same sizing as the other 6T transistors. 3σ of theVT local variation for

65nm, 45nm, 32nm and 22nm is 10%, 15%, 20% and 25% of the normial VT , repectively.

Figure 5.10 shows the SRAM DRV distribution and the canary DRV vs. VCTRL for

PTM nodes from 65nm to 22nm. The canary cell can keep the linearity property with

VCTRL changes for all of the smaller technologies. This means that we can still create a

continuum of failure voltages above the actual failure point of the SRAM array down to

22nm. The plots also show that the SRAM DRV distribution has ahigher mean and larger
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Figure 5.11: DRV of canary categories (each line denotes onecategory and the upper ones
have higher VCTRL values) at different process corners under PTM 65∼32nm nodes.

tail value as well as a larger standard deviation because of the increased variation at smaller

dimensions. Therefore, we will need to use higher VCTRL values when using canary cells

for SRAMs in smaller technologies to create failures above the DRV of the array.

Figure 5.11 shows that the canary cells can track global process variation for 65nm,

45nm and 32nm nodes. For the 22nm node, because of gate leakage, the canary DRV is no

longer linear with the VCTRL (header gate voltage) value at some global process corners

when VCTRL is high. This could potentially limit the range over which we can trade

off power savings with reliability, but there is enough linearity to successfully deploy the

canary scheme at 22nm. If new techniques such as High-K materials provide the anticipated

reduction of gate leakage, then the canary scheme will be able to offer a broad range of

voltages for this tradeoff. These simulations indicated that our canary scheme can provide
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Figure 5.12: (a) Gap between the Vmin of the worst-case PVT variation (Vminwc) and
the Vmin of the best-case/typical-case PVT variation (Vminbc, Vmintyp) and (b) Leakage
power reduction for using the optimum Vmin (Pbc and Ptyp at the best-case and typical PVT
scenario respectively) relative to the leakage power when using the worst case Vmin (Pwc).
A 1-Kb SRAM is simulated across the PTM bulk technologies from 65nm to 22nm.

effective power reduction for future nodes down to 22nm.

Figure 5.12(a) shows the gap between the Vmin of the worst-case PVT variation and

the Vmin of the best-case/typical variation for a 1-Kb SRAM array using PTM models

from 65nm to 22nm. The Vmin gap between the worst-case and non-worst-cases grows

with technology scaling. Compared with using the worst Vmin, up to 4× and 14× leakage

power reduction can be achieved by using the optimum Vmin at 65nm and 22nm respec-

tively as shown in Figure 5.12(b). The worst-case based approach loses more power savings

as the variability increases with technology scaling.
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Conclusion

The growing demand of power reduction in SoC systems requires SRAM to operate at

a lower voltage. However, lowered voltage degrades SRAM functional yield. To maintain

a lowest acceptable yield, SRAM must operate above the minimum operational voltage

(Vmin). In this dissertation, we investigate the impact of both local and global variations

on SRAM minimum operational voltage, and present two solutions to address each. Local

random variations spread the cell Vmin across the same array, and the tail of the distribution

determines SRAM Vmin. We propose a fast and accurate method to predict the Vmin value

for large SRAMs based on the sensitivity of SNM to VDD. The method is generalized for

estimating Vmin due to hold, read, and write failures. Our method offers the comparable

accuracy with standard Monte Carlo (MC) and shows excellentagreements with other fast

methods, including the Statistical Blockade (SB) tool and Importance Sampling (IS), for

the tails up to 8σ. It offers the speed up of> 104 over MC and shows less complexity

and variance than SB and IS. Global PVT variation primarily results in the shift of Vmin

values. The worst-case design approach over-protects the non-worst scenarios and limits

99
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power reduction. We propose a closed-loop VDD scaling system that can truly eliminate

margins for PVT variation and achieve leakage power reduction near the optimum. It uses

online canary replica cells and monitors to track global variations, and a feedback circuit to

adjust VDD to approach the true SRAM Vmin. Several techniques are proposed to enhance

the adaptiveness of the canary system for SRAMs beyond 45nm.Silicon results from 90nm

and 45nm test chip confirm the function of the system.

There are several additional research directions that extend our statistical method for

Vmin estimation and the canary based adaptive system.

Extended work for Vmin Estimation

1. Various read and write assist techniques have been proposed to expand 6T SRAM

operational margins. The sensitivity of static noise margin to VDD might change with

different assist techniques or even different bias value with the same assist knob.

Vmin model can be extended for evaluating the effectivenessof assist methods for

Vmin/yield improvement.

2. Our current work uses static noise margin (SNM) as the criterion for read/write fail-

ures. SNM represents the maximum tolerable dc noise, which is often smaller than

dynamic noise margin (DNM). Since the real read/write operation is performed in a

dynamic fashion, i.e. with the timing constraint, DNM will be more accurate. The

connection of DNM with VDD under variation can improve the accuracy of Vmin and

yield estimation.

3. Besides hold, read stability, and write failures, the final Vmin is also determined by

read access failure due to an insufficient sensing signal developed within the required
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access time. A read access failure is dependent on various factors, including the cell

current, the bitline leakage current, the sense amplifier enable time, and the sense

amplifier offset. A correct estimation of Vmin/yield due to read access failure must

combine these statistical distributions together.

4. Vmin also drifts with aging effects such as NBTI. To estimate Vmin/yield degrada-

tion under NBTI, the impact of NBTI on SRAM stability should be investigated.

Extended work for Canary-based Adaptive System

1. The architecture of the canary feedback system can be usedfor active VDD scaling

or DVS system to achieve aggressive active power reduction.Novel canary replica

cells for tracking the impact of PVT variation on SRAM read stability failure, write

failure, and access failure can be explored.

2. We can develop canary replica cells to prevent failures due to aging issues such as

NBTI.

3. A complete closed-loop VDD scaling system needs a on-die voltage regulator, which

should operate with a high efficiency in a wide voltage range.
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